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Abstract

Edge computing-based video analytics faces data drift is-
sues due to the occurrence of unseen objects or scenes in
ever-changing environments. To maintain accuracy, contin-
uous learning (CL) retrains stale models periodically with
newly obtained data. However, it leads to unaffordable costs,
as we must keep labeling drift data and retraining models. Re-
garding this concern, we first investigate video patterns across
multiple cameras within an area and reveal significant data
redundancies. We find that many of the same objects can be
captured by multiple edge cameras or appear many times on
the same edges. Our quantitative findings suggest that select-
ing a subset of high-quality data for CL is preferable over
using a larger quantity. Yet, existing efforts for data acquisi-
tion have only focused on a single static dataset. These meth-
ods are not suitable for multi-edge video analytics scenarios,
where videos are captured from multiple sources with non-iid
data distribution. Hence, we propose a multi-edge collabora-
tive active video acquisition (AVA) framework to collabora-
tively learn a reinforced video acquisition strategy to identify
informative video frames from multiple edge nodes that best
enhance model accuracy, avoiding redundancy across edges.
Extensive experiments on three video datasets demonstrate
that, our method achieves comparable performance to full-set
video training while utilizing only 20% of the data in clas-
sification tasks. In object detection tasks, our methods can
maintain productive accuracy with a reduction of nearly 70%
in training video frames.

Introduction
Deep neural networks (DNNs) have demonstrated extraor-
dinary performances in many video analytics applications,
such as traffic monitoring and video surveillance. How-
ever, the real-world deployment of DNN models faces data
drift issues, which arise when unforeseen objects or scenes
appear after model deployment in ever-changing environ-
ments, leading to a decrease in recognition accuracy. This
challenge is especially prominent in edge computing-based
video analytics, where lightweight models are deployed due
to the limited processing capacity of edge nodes, making
them more sensitive to data drift.
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Continuous learning (CL) (Bhardwaj et al. 2022) ad-
dresses the challenge of data drift by retraining stale DNN
models with newly collected drift data from changing envi-
ronments. However, adopting continuous learning for video
analytics significantly increases financial costs due to the
substantial human effort required for labeling drift data,
which makes it less feasible for large-scale deployment. For
instance, continuous learning for an object tracking model
(e.g., YOLOv5) costs over $1,000/hour/video quotas for la-
beling and training on public clouds1. The prevalent ap-
proach to minimize the costs of continuous learning is to
select a subset of informative data for model retraining. In
video analytics, the drift data obtained from video cameras
demonstrates considerable redundancy. Given that not every
video frame contributes equally to accuracy improvement
in model retraining, judiciously selecting the most valu-
able video frames can yield competitive model performance
while significantly reducing overall costs.

Previous research has studied reducing labeling costs
while preserving accuracy by designing effective data ac-
quisition strategies to select a subset of training data. These
efforts fall into three categories: 1) Uncertainty-based sam-
pling (e.g., (Wang and Shang 2014; Wen, Tran, and Ba 2020;
Gal and Ghahramani 2016)) focuses on identifying the most
uncertain data instances by posterior probability distribution
(Roth and Small 2006) or probabilistic modeling (Gal, Is-
lam, and Ghahramani 2017; Choi et al. 2021); 2) Diversity-
based sampling (e.g., (Sener and Savarese 2018; Agarwal
et al. 2020; Sinha, Ebrahimi, and Darrell 2019)) involves the
selection of a representative subset of instances that could
effectively reflect the overall dataset distribution; 3) Hybrid
strategies (e.g., (Shen et al. 2023; Parvaneh et al. 2022; Ash
et al. 2020)) combine both uncertainty-based and diversity-
based sampling methods to strike a balance between infor-
mativeness and diversity for the selected subset.

The existing data acquisition strategies are primarily
based on modeling data uncertainty and diversity. Yet, the
relationship between the uncertainty and diversity of train-
ing data and their impact on accuracy enhancement remains
intricate. Furthermore, the previous works considered data
acquisition from a single static dataset. In the context of
multi-edge video analytics, however, video frames are cap-

1https://cloud.google.com/ai-platform/data-labeling/pricing
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tured at different moments and locations, leading to non-iid
data distribution. Meanwhile, the video data collected from
different cameras demonstrate a spatial-temporal correla-
tion. Independently optimizing data acquisition strategy for
each edge may lead to redundancies across multiple edges.

To fill these gaps, we propose a multi-edge collabora-
tive active video acquisition (AVA) framework for identify-
ing informative and representative frames from drift videos
collected on distributed edges. Given the subtle relation-
ship between video semantics and accuracy improvement,
we employ reinforcement learning to design an end-to-end
approach that learns the video acquisition policy by consid-
ering semantic context across video frames and accuracy im-
provement feedback. The selected video frames will be la-
beled within a human-in-the-loop schema (Wu et al. 2022;
Wang et al. 2016). To ensure data privacy, the labeled data
on each edge is utilized for local model retraining and a fed-
erated learning approach is utilized for model aggregation.
Furthermore, different edges can learn collaboratively for a
distributed data acquisition policy to maximize the overall
performance. Our primary contributions are as follows:

• Design a multi-edge collaborative video acquisition
framework to reduce the cost of continuous learning in
video analytics while maintaining competitive accuracy.

• Propose an end-to-end multi-edge reinforced video ac-
quisition algorithm for learning to identify informative
frames across-edge for continuous learning based on
video semantic context.

• Conduct extensive experiments to verify our method’s ef-
fectiveness, which can reduce nearly 60%∼70% train-
ing data while maintaining comparable accuracy in both
classification and object detection tasks.

Motivation for AVA
Using all drift data for continuous learning can result in in-
efficient labeling and training. To validate this, we conduct
empirical studies using real-world datasets (Lomonaco and
Maltoni 2017) to characterize video patterns.

Observation I: Cross-Camera Redundancy. As illus-
trated in Fig. 1(a), the same object is often captured by
different cameras, indicating a spatial-temporal correlation
across different cameras. Thus, if one edge node labels
and trains on drifted objects, it may potentially assist other
nodes, avoiding redundant labeling and training costs.

Observation II: Temporal Redundancy. Videos fre-
quently contain numerous redundant objects, especially be-
tween consecutive frames. Fig. 1(b) depicts the analysis of
the real-world DukeMTMC dataset (Ristani et al. 2016),
where most objects appear for over 20s in videos. Given the
high similarity between these objects, labeling and training
all video frames can be wasteful.

Observation III: Well-recognized Objects. Fig. 1(c) de-
picts the proportion of objects from the CL benchmark
(Zhang, Gao, and Zhang 2023). We find that the stale model
can accurately recognize nearly 25% of objects in drifted
videos, and the well-recognized objects cannot significantly
contribute to accuracy improvement during retraining.

(a) Duplicated objects.

Cam 1

Cam 2

Cam 3

Cam 4

Cam 5
0% 80% 100%40%

< 20s > 40s[20s, 40s]

(b) Object durations.

64%

24%

12%

 
 

Redundant
Remaining

Recognized

(c) Object proportion.

 A
c
c
u
ra

c
y

Labeling  Amount

CORe50
0.84 

0.72 0.2       0.6  1.0

(d) Accuracy v.s. size.

Figure 1: Statistical analysis from real-world video datasets.

Retraining a model with redundant data not only incurs
additional costs but also fails to acquire new knowledge. As
illustrated in Fig. 1(d), the training accuracy does not in-
crease linearly with the volume of training data. Instead, the
marginal benefit diminishes as more data is included. The
question arises: which video frames should be acquired for
labeling and model retraining? This poses significant chal-
lenges, especially in some privacy-sensitive scenarios, such
as multi-edge federated learning, where the data collected by
different edges cannot be centralized for selection due to pri-
vacy concerns. Hence, these statistical findings inspire us to
develop a distributed video acquisition approach to eliminate
these video redundancies for multi-edge video analytics.

Methodology
Problem Formulation
A multi-edge video analytics problem refers to the task of
analyzing and understanding videos captured by multiple
edge nodes. Let c ∈ C denote each edge node in the set
of edge nodes C, i.e., |C| ≥ 1. The distribution of videos ob-
served by the node c is denoted as Dc, where (x, y) ∼ Dc

is an instance of the observed video from node c. The video
data x could further be decomposed as a sequence of video
frames, i.e., x = {x1, x2, ..., xT }, where xi is the i-th frame
in the video and T is the length of the video frame sequence.
Note that in practice, the distribution Dc is different from
one edge to another due to various edge environments (e.g.,
camera views, illuminations). For multi-edge video analyt-
ics, the objective is to derive a video model, a.k.a a mapping
function fϕ : X → Y , where ϕ is the parameters for the
function f(·), X is the video data space, and Y is the la-
bel space. The function is trained by minimizing the loss of
the model over data obtained from the multi-edge setting,
i.e, minϕ Ex∼X [L(fϕ(x), y)], where x ∈ X is the video in-
stances and y ∈ Y is the corresponding ground-truth labels,
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Figure 2: The AVA policy network embeds video data and then decides which frames to acquire.

L(·) is the loss function (e.g., cross-entropy), and the expec-
tation is taken over the videos x from all the edges.

In reality, labeling and training for multi-edge video an-
alytics are extremely expensive. Furthermore, the videos
contain a high degree of redundancy (refer to Section §
for statistical evidence), which motivates us to consider a
cost-sensitive video analytics challenge. Overall, we aim to
achieve the goal of automatic data acquisition of informa-
tive video subsets to benefit the model performance gaining,
whereas such data acquisition could help alleviate the costly
burden of labeling and training data, whilst not dropping the
performance compared to training on full data. Formally,
we denote such a problem as a multi-edge video acquisition
problem. We aim to learn an active video acquisition func-
tion πθ(·) parameterized by θ that could intelligently acquire
a subset of videos that are most helpful to the training of
fϕ(·). We denote the AVA selected subset as π̃θ(x)

2. In our
application, since the cost for labeling and training for each
video slice is almost equivalent, we assume the cost is linear
to the size of the subset, i.e., |π̃θ(x)|. To this end, we provide
a formal objective in Eq. (1),

min
θ,ϕ

∑
c∈C

E(x,y)∼Dc

[
L
(
fϕ(π̃θ(x)), y

)]
s.t. |π̃θ(x)| ≤ λ|x|,

(1)

where for each edge node c ∈ C, we aim to minimize the ex-
pectation of the video model fϕ loss trained on video subset
π̃θ(x). We also ensure that the size of video subset is smaller
than full video, i.e., |π̃θ(x)| ≤ λ|x|, where λ ∈ (0, 1) is the
maximum affordable proportion of training videos.

AVA Architecture
We develop the AVA network as an encoder-decoder archi-
tecture (shown in Fig. 2). Specifically, the encoder layers are
defined as the Transformer-based network (Vaswani et al.
2017), which aims to extract the spatial-temporal visual fea-
tures across video frames over time. The decoder layers are
mainly composed of actor-critic structures (Schulman et al.
2017) to output two groups of predictions. The first group

2The output of the policy πθ(x) is a probability distribution,
whereas π̃θ(x) is the video subset sampled from πθ(x).

corresponds to the AVA video acquisition probability pre-
dicted by the actor. For each frame, it determines whether
to acquire the video frame for training the video analytics
model. The second group corresponds to the estimated value
of the expected reward (Mnih et al. 2016), which is used to
compute the policy gradient loss to optimize the AVA policy
model. The details of the AVA network are as follows.

Transformer-based Encoder. We adopt the Transformer-
based network (Vaswani et al. 2017) as the encoder of our
policy network. Transformer incorporates a learnable self-
attention mechanism, which allows it to capture spatial-
temporal similarities and relationships among input se-
quences. Formally, we first extract the features of input
video sequences as the vector x ∈ RT×d by the pre-trained
models (e.g., ResNet, VGG), where T is the length of video
sequences and d is the dimension of the features. Then,
we adopt the learnable self-attention to capture the spatial-
temporal embeddings among video sequences as follows,

Attention(x) := softmax

(
xWq · (xWk)

T

√
d

)
· xWv,

(2)
where the input sequences x ∈ RT×d are operated by three
linear projection metrics Wq , Wk, and Wv ∈ Rd×d. By
utilizing the Transformer as the encoder for our policy net-
work, we can effectively discover the importance of each
video frame relative to the entire video sequence. Addi-
tionally, our Transformer-based encoder in our policy net-
work could be stacked with multiple layers to help compress
richer semantic features. In the following, we assume the
Attention(·) function has only one layer, whereas in practi-
cal implementation, we usually stack more than three layers.

Actor-Critic Decoder. We employ the actor-critic frame-
work as the decoder for our policy network. In our archi-
tecture, both the actor and critic networks are based on
multi-layer perceptrons (MLPs). The actor network aims
to explore decision-making for video acquisition, while the
critic network guides the actor’s exploration by providing
expected rewards (Mnih et al. 2016). Specifically, the ac-
tor network for the AVA architecture determines whether
a frame in the video sequences should be acquired or not.
Hence, the actor network can be defined as a binary decision
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for each video frame to output the acquisition probability
distribution. We define the actor network πθ as follows,

πθ(x) := σ(Attention(x) ·Wα + b), (3)

where the input sequences x ∈ RT×d are firstly operated
by attention-based encoder, and then projected by the linear
weight Wα ∈ Rd×2 with an activation function σ(·).

The critic network aims to guide the actor network up-
dates by providing expected rewards in reinforcement learn-
ing (Mnih et al. 2016). We also define the critic network v
based on MLPs as follows:

v(x) := σ(Attention(x) ·Wβ) ·WT
γ , (4)

where the attention-based encoder outputs are projected by
the linear weight Wβ ∈ Rd×1 with activation σ(·), and then
we aggregate the sequence dimension by a linear weight
Wγ ∈ RT×1 to get the final expected rewards. Additionally,
the critic network is activated only during the AVA training
stages and is removed during the inference stage.

The actor network outputs selecting probabilities of each
frame, and we adopt the strategy of probabilistic sampling
instead of directly using the Top-1 probability for video
frame acquisition. This is because we expect the actor
network to increase the exploration of unknown decisions
through probabilistic sampling, allowing for the opportunity
to try other possible decisions and gain a better understand-
ing of the video environment to find the optimal strategies.
Formally, the binary selecting probabilities πθ(x) of the ac-
tor network are sampled under Categorical distribution as
α(x) ∼ Categorical

(
πθ(x)/τ

)
, where α(x) ∈ {0, 1}T

is the selecting decision for the given video sequences with
T length, and τ aims at adjusting the scale of the probabil-
ity distribution πθ(x). We experimentally find that a larger
τ makes the probability distribution flatter, encouraging ex-
ploration of unknown optimal decisions to optimize the
AVA network. Conversely, a smaller τ makes the probability
distribution more concentrated, favoring the sampling with
higher probabilities to increase exploitation of the current
optimal decisions (Haarnoja et al. 2018; Hao et al. 2023).

Multi-Edge Reinforcement Learning
Reward Modeling. Unlike many off-the-shelf RL tasks
where the reward signal is the golden standard, e.g., game
scores in Atari 2600 (Mnih et al. 2015) and winning outcome
of the match in AlphaGo (Silver et al. 2016), It is hard to
develop informative reward signal for multi-edge AVA. In-
tuitively, we propose compositional rewards with three key
components to effectively facilitate AVA problem-solving.
Ideally, the first reward is to reflect the progress of objec-
tiveness as depicted in Eq. (1),

Robj = −L
(
fϕ

(
π̃θ(x)

)
, y
)
+ λ

(
1− |π̃θ(x)|

|x|

)
, (5)

where the first component is designed to evaluate the benefit
of the acquired video subset π̃θ(x) = {xi | α(xi) = 1, i ∈
N} to the video model fϕ training, and the second compo-
nent is to constrain the size of acquired subset |π̃θ(x)| com-
pared with the size of full-set |x|. We introduce the hyper-
parameter λ to balance these two objectives. We experimen-
tally find that a higher value of λ will make the AVA policy

model prefer to select a smaller number of video sequences,
whereas a lower value of λ will enforce the AVA policy
model to prioritize higher model training performance.

In addition to the performance-related reward, we also in-
troduce two auxiliary rewards to train the AVA policy more
efficiently with reward shaping (Hu et al. 2020; Arulku-
maran et al. 2017). Basically, the motivation of these two
auxiliary rewards is to promote the diversity and represen-
tativeness of the acquired subset. The formal definition for
these two auxiliary rewards are presented as follows,

Rdiv =
1

T (T − 1)

∑
i∈I

∑
j∈I,
i̸=j

(
1−

xi · xT
j

∥xi∥ · ∥xj∥

)
,

Rrep =
1

T

T∑
i=1

min
j∈I

{
1−

xi · xT
j

∥xi∥ · ∥xj∥

}
,

(6)

where Rdiv reflects the diversity of the acquired subset
{xi}i∈I by summarizing the cosine distances for every pair
of instances in the subset, and Rrep evaluates the representa-
tiveness of the video subset {xj}j∈I with respect to the full-
set {xi}Ti=1 by accumulating the cosine distances from each
full-set instance to the nearest subset instance. The selecting
indices of acquired subset are I = {Ii | α(xIi

) = 1, i ∈
N}. The compositional rewards work cooperatively, and the
reward shaping signals help to overcome the noise in the per-
formance rewards, while providing informative feedback on
the quality of AVA policy.

Multi-Edge AVA Policy Training. Our AVA policy network
is trained under a collaborative regime. For each node c ∈ C,
it optimizes a shared AVA policy network πθ by their indi-
vidual video environment Dc. We define its global objective
as maxπθ

E
[∑

c∈C γc ·Rc

]
, where Rc is the cumulative re-

ward from the three aforementioned individual rewards at
the node c, and γ ∈ (0, 1) is the importance weight of each
c ∈ C in final global reward. Additionally, the importance
weight can be estimated as γc = |Dc|/

∑
i∈C |Di|, where

|Dc| is the length of video sequence on the edge node c (c ∈
C). On distributed edge nodes, we update the AVA policy
network by multi-edge gradient synchronization. The pol-
icy networks deployed on various edge videos could collect
a variety of experiences during continuous learning (Mnih
et al. 2016; Espeholt et al. 2018). We enable the edge pol-
icy networks to learn collaboratively. Specifically, we first
deploy a shared policy network for all AVA edge networks.
Then the edge policies evaluate local edge gradients by eval-
uating the actor-critic loss using their own experience (Mnih
et al. 2016). The local gradients are accumulated by the pa-
rameter center and the parameters are dispatched to edge
nodes. Note that such multi-edge policy update is differ-
ent from off-the-shelf distributional reinforcement learning,
e.g., IMPALA (Espeholt et al. 2018), PPO (Schulman et al.
2017), and Vtrace (Kapturowski et al. 2019), because the lat-
ter ones transfer experience tuples to the centralized learner
without local gradient inference or data drift.
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Experiment
Experimental Setting
Datasets. We utilize 3 video benchmarks, namely, CORe50
(Lomonaco and Maltoni 2017), VisDrone (Zhu et al. 2021),
and MOT15 (Leal-Taixé et al. 2015). VisDrone (Zhu et al.
2021) is designed for real-world video object tracking from
UAV cameras. MOT15 (Leal-Taixé et al. 2015) is an object
tracking benchmark collected from moving and static cam-
eras. CORe50 (Lomonaco and Maltoni 2017) consists of
11 videos in indoor and outdoor settings.

Baselines. We compare with the state-of-the-art data ac-
quisition approaches, namely, Entropy (Wang and Shang
2014), Coreset (Bodó, Minier, and Csató 2011), MDN (Choi
et al. 2021), BALD (Gal, Islam, and Ghahramani 2017),
BADGE (Ash et al. 2020), CDAL-CS (Agarwal et al. 2020),
and ALFA-Mix (Parvaneh et al. 2022). Entropy (Wang and
Shang 2014) is the uncertainty-based approach to select
the frames with the lowest confidence for training. Core-
set (Bodó, Minier, and Csató 2011) and CDAL-CS (Agar-
wal et al. 2020) are the diversity-based approaches to se-
lect a batch of diverse representative frames to represent the
whole video for training. MDN (Choi et al. 2021) and BALD
(Gal, Islam, and Ghahramani 2017) are the probabilistic ap-
proaches, which adopt the mixture density networks and
Bayesian approach respectively, to estimate the frame select-
ing probabilities with contextual information. BADGE (Ash
et al. 2020) and ALFA-Mix (Parvaneh et al. 2022) incorpo-
rate the uncertainty- and diversity-based methods, consider-
ing both predictive uncertainty and sample diversity.

Performance Comparison
Performance on Classification. We evaluate our method’s
effectiveness in data acquisition for classification accuracy
by comparing it to other baselines on the CORe50 video
benchmark. In this experiment, there are eight nodes, each
handling an individual video sequence to select for model
training. Table 1 illustrates that, under a labeling and training
budget of about 30% of video frames, our method can out-
perform other baselines with nearly 2% Top-1 accuracy im-
provement. Furthermore, this improvement persists across
different budget thresholds. As illustrated in Fig. 3(c), a
varying video selecting proportion ranging from 10% to
50% continues to exhibit the superior performance of our
method over other baselines. Additionally, it’s noteworthy
from Fig.3(c) that increasing the video selection budget does
not lead to a linear increase in model accuracy, aligning with
observations in our motivation studies. Hence, it is also sug-
gested to meticulously determine the budgets and expected
model accuracy to achieve a better trade-off between label-
ing/training costs and model accuracy.

Performance on Object Detection. Object detection is
widely involved in real-world video analytics applications,
therefore, we further conduct experiments on video object
detection benchmarks — specifically, VisDrone with UAV
cameras, and MOT15 with the KITTI video sequences. In
this experiment, we deploy three edge nodes to acquire their
respective video sequences for Faster R-CNN model train-

CORe50-Classification (nodes=8, budget ≤ 20%)

Sampling Top-1 (%) Top-3 (%) Top-5 (%)

Random 59.84±1.77 80.68±0.88 87.69±0.85
Entropy 60.09±1.72 80.57±0.53 87.66±0.61
Coreset 62.17±1.51 82.09±0.88 88.49±0.75
BADGE 60.58±2.15 82.26±0.43 87.09±0.35
BALD 61.05±1.30 81.72±0.27 88.26±0.29
CDAL 60.51±1.13 81.26±0.43 87.83±0.53

Alpha-Mix 61.09±1.26 81.93±0.27 88.37±0.33

Ours 64.02±0.83 83.42±0.26 90.28±0.18

Table 1: The performance comparison with different meth-
ods on the CORe50 object classification benchmark.

ing. Additionally, most baseline methods, except MDN, are
not specifically designed for object detection tasks. Hence,
to adapt Entropy, we follow (Choi et al. 2021) to esti-
mate the average scores of each frame’s predictive bound-
ing boxes. For the Coreset, we follow (Khani et al. 2021) to
perform k-center-greedy over its frame-level latent features.
For BADGE, we refine its gradient embedding by using a
weighted summation of latent features from all predictive
bounding boxes. For BALD, we implement each frame’s un-
certainty as the averaged posterior scores of predictive ob-
jects. For CDAL-CS, we follow (Khani et al. 2021) to es-
timate its contextual diversity by pooling features from the
FPN backbone. As depicted in Table 2, with labeling and
training budgets of approximately 30% of video frames, our
method demonstrates a 3.64% relative gain in average AP
accuracy, with improvements of 8.36% and 2.25% in AP50

and AP75 accuracy, respectively, over the strongest baseline
on VisDrone and MOT15 benchmarks. Moreover, as illus-
trated in Fig.3(a) and Fig.3(b), this advantageous perfor-
mance can also be observed across different budgets from
video acquisition proportion between 10% to 50%.

Findings on Selection Bias. In Table 2, our method demon-
strates superior performance across most evaluation metrics,
such as AP, AP50, and AP75. However, when considering
APs and APm, specifically concerning small- and medium-
sized objects, we notice slight weaknesses against some
baselines. This observation suggests that our method may
preferentially select video frames containing larger objects,
leading to a potential selection bias. To mitigate selection
bias, we incorporate the precision of APs, APm, and APl

as auxiliary rewards (e.g., R/small, R/medium, R/large) to
balance the acquisition of frames with objects of varying
sizes. The results, as depicted in Table 2, showcase a no-
table improvement. For instance, employing the R/small re-
ward could gain improvements of 3.35% in APs and 5.78%
in ARs for the VisDrone dataset. In the MOT15 benchmark,
we can also witness the improvements of 5.24% in APs and
2.28% in ARs. Furthermore, the introduction of auxiliary
rewards R/medium and R/large also shows improvements in
the recognition accuracy for medium- and large-sized ob-
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VisDrone-Detection (nodes=3, budget ≤ 30%)

Sampling AP AP50 AP75 APs APm APl AR1 AR10 AR100 ARs ARm ARl

Random 50.47±0.52 79.17±1.34 57.17±1.28 43.31±1.01 55.72±0.17 36.64±9.10 32.82±0.63 50.89±0.45 56.06±0.67 51.71±1.02 60.55±0.09 39.10±8.26

Entropy 51.76±1.59 80.16±0.36 61.69±2.49 47.15±1.04 56.71±1.08 34.86±3.82 33.30±0.61 51.96±0.62 57.33±0.70 54.72±0.62 61.16±0.95 38.33±3.89

Coreset 53.04±0.49 80.25±0.09 61.66±1.04 44.74±1.10 58.22±0.17 41.68±2.69 33.83±0.20 52.62±0.36 57.59±0.40 52.19±1.17 62.57±0.13 44.76±2.94

MDN 53.14±0.44 81.52±0.19 61.64±1.73 45.47±1.55 59.26±1.32 50.51±6.40 34.89±0.51 55.16±0.54 58.16±0.41 52.13±1.47 65.17±1.50 50.48±4.49

BALD 52.04±1.13 80.64±0.47 61.58±1.60 43.72±0.74 55.93±0.62 40.38±8.77 34.07±0.73 53.64±0.54 57.62±0.71 53.07±0.37 61.04±1.12 40.55±6.19

BADGE 51.30±0.79 79.32±0.27 60.21±1.28 44.69±0.32 55.24±1.17 40.48±2.23 33.56±0.65 51.91±0.84 56.79±0.73 52.36±0.12 60.20±1.34 43.12±2.45

CDALCS 52.70±0.19 79.47±0.24 62.06±0.95 45.52±1.50 57.15±0.44 40.61±2.56 34.06±0.70 52.98±0.10 57.73±0.18 53.15±1.12 61.63±0.39 41.85±1.61

Ours 56.68±0.60 89.88±0.53 64.25±2.92 46.42±0.77 62.66±0.92 64.48±6.32 39.65±1.18 58.07±0.79 63.20±0.37 50.36±1.54 67.97±0.64 66.22±6.68

+ R/small 53.12±0.66 82.53±0.37 62.75±2.74 49.77±1.12 50.36±0.53 43.55±8.72 33.29±0.95 53.43±0.85 58.86±0.49 56.14±1.22 62.97±0.88 49.60±5.20

+ R/med 54.19±0.73 83.36±0.41 63.03±2.23 47.14±0.85 64.14±0.79 63.02±7.41 34.15±0.98 54.30±0.74 59.27±0.81 53.15±1.21 68.11±1.55 52.56±4.16

+ R/large 54.42±0.41 85.07±0.35 63.80±2.09 43.20±0.90 61.12±0.22 66.37±5.57 35.72±0.74 56.10±0.56 59.12±0.83 49.86±1.64 66.14±0.75 68.52±7.71

MOT15-KITTI-Detection (nodes=3, budget ≤ 30%)

Sampling AP AP50 AP75 APs APm APl AR1 AR10 AR100 ARs ARm ARl

Random 27.31±1.87 62.47±1.06 18.65±3.30 27.14±9.29 36.74±1.04 42.68±5.12 9.92±0.59 39.09±1.21 46.10±1.04 31.87±0.97 41.61±1.48 37.06±1.31

Entropy 28.22±0.55 62.07±0.87 16.50±0.63 23.68±12.13 35.11±10.92 45.59±5.84 9.81±0.21 38.83±0.38 45.43±0.20 31.78±11.30 41.57±10.53 47.80±3.54

Coreset 29.10±0.44 61.84±0.78 17.66±1.08 24.48±10.81 35.30±10.76 47.18±5.41 9.96±0.24 38.49±0.44 45.44±0.11 31.22±10.06 42.09±10.51 46.26±3.83

MDN 29.15±0.42 64.53±0.41 21.07±1.22 28.84±9.95 32.81±10.80 38.15±3.35 10.01±0.31 38.42±0.87 43.44±0.18 36.64±9.30 38.19±9.56 42.66±5.64

BALD 29.38±0.61 65.16±1.09 19.88±0.96 26.76±8.63 38.52±10.84 40.55±8.06 10.31±0.19 41.00±0.61 46.92±0.52 31.21±8.39 44.03±10.63 43.94±3.87

BADGE 28.77±0.68 62.47±1.11 18.51±1.62 26.56±10.17 35.44±10.77 41.02±5.24 9.84±0.37 39.30±0.52 45.54±0.54 31.96±9.26 42.64±9.86 42.03±4.10

CDALCS 28.03±0.50 63.30±0.85 18.19±0.30 27.65±9.45 36.57±11.05 42.61±7.72 9.73±0.24 39.24±0.27 46.65±0.54 33.43±10.34 42.24±11.12 50.10±5.06

Ours 31.91±0.67 64.60±0.62 26.85±1.67 24.27±1.38 34.87±7.80 44.51±10.52 10.58±1.15 42.41±1.11 48.30±0.79 36.30±8.27 51.89±10.64 56.95±2.35

+ R/small 32.14±1.44 66.94±1.15 26.18±2.13 29.51±4.92 35.03±5.06 43.72±8.74 10.66±0.97 42.55±1.53 47.98±0.80 38.58±4.32 51.12±12.13 54.91±5.43

+ R/med 31.43±0.81 68.53±1.12 23.67±1.47 24.52±3.51 38.42±6.74 39.07±8.51 10.12±2.26 42.31±2.31 47.74±0.85 36.92±6.40 52.21±15.51 48.74±8.04

+ R/large 30.86±0.92 61.03±1.18 20.28±1.53 24.15±1.40 35.47±7.32 47.75±9.89 9.97±1.58 42.38±1.61 46.64±0.73 34.50±5.16 51.07±12.09 58.42±7.13

Table 2: The performance comparison of different methods on two video object detection benchmarks.

jects across both VisDrone and MOT15 benchmarks. Hence,
our findings suggest that incorporating auxiliary rewards can
effectively enhance the object recognition across different
sizes in various video analytic tasks.

Eliminating Cross-Camera Redundancy. In Fig. 4, we
validate our method’s effectiveness in eliminating the cross-
camera redundancies. As shown in Fig. 4(a), we employ our
AVA policy network to select videos for ResNet18 train-
ing, with the given requirement of training accuracy to be
higher than 60% (the upper bound with full-set training is
64.3%). Fig. 4(a) depicts that our method significantly re-
duces the data selecting ratios as more cameras are included.
Specifically, with 20 cameras, our method with multi-edge
training (Multi-Edge AVA) acquires less than 20% video
frames, while maintaining the required 60% training accu-
racy. In contrast, the single-edge training (Single-Edge AVA)
achieves a weaker performance, needing nearly 1.5× train-
ing data to achieve comparable training accuracy. Addition-
ally, the advantages persist when training the Vision Trans-
former network with videos of different camera amounts.
We believe this improvement is largely attributed to our de-
sign of multi-edge collaborative training for the AVA policy
network, enhancing its global knowledge to eliminate cross-
camera redundancies, and reduce the selection of similar ob-

jects or instances across different camera videos.

Multi-Edge Adaptive Sampling. As shown in Fig. 5, in
contrast to naive equal sampling, our AVA policy network
excels in performing adaptive sampling for different edge
videos, which allows our AVA policy network autonomously
adjust the sampling size across distributed edge nodes, and
selects the most informative data for model training. We be-
lieve this experimental result arises because our AVA policy
network prioritizes selecting videos in which the model is
uncertain, while reducing the selection of some well-trained
edge videos to save on labeling and training budgets. To val-
idate our hypothesis, we further follow (Li et al. 2020) to es-
timate the gradient norm ∥∇fϕ(x̃)∥2 for each node, which
can effectively reveal the model’s convergence across dif-
ferent edges. Specifically, a higher gradient norm signifies
weak fitting to the edge node videos, whereas a lower norm
suggests strong fitting to the edge node videos. Fig. 3 shows
that if an edge node has a higher gradient norm, the model
will have weak fitting on its video data, causing the AVA
policy network to select more data for video training. In con-
trast, the lower gradient norm means strong fitting, thereby,
our AVA policy network can intelligently reduce the bud-
gets of data acquisition. These results further demonstrate
the effectiveness of our AVA policy network in learning an
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Figure 3: Performance comparison between our method and other data acquisition strategies on three different benchmarks.
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Figure 4: Selecting proportion across camera numbers.

optimal cross-edge strategy to balance the global trade-off
between model accuracy and video training budgets.

Related Work
Uncertainty-based sampling (Roth and Small 2006; Wen,
Tran, and Ba 2020; Gal and Ghahramani 2016; Huang et al.
2022; Choi et al. 2021; Gal, Islam, and Ghahramani 2017)
primarily selects the most uncertain instances within the
posterior probability distribution using measures, such as
entropy (Wang and Shang 2014) and margin boundaries (Gal
and Ghahramani 2016). Uncertainty can also be estimated
with probabilistic modeling, e.g., Ensemble (Wen, Tran, and
Ba 2020) introduces the disagreement uncertainty by Monte-
Carlo dropout (Gal and Ghahramani 2016), MDN (Choi
et al. 2021) estimates aleatoric and epistemic uncertainty
with Gaussian mixture models (GMM), and BALD (Gal,
Islam, and Ghahramani 2017) estimates the uncertain in-
stances with the highest mutual information (MI) between
predictions and posterior Bayesian approximation.

Diversity-based sampling (Sener and Savarese 2018;
Agarwal et al. 2020; Sinha, Ebrahimi, and Darrell 2019;
Guo, Zhao, and Bai 2022) selects a subset of instances to
represent the entire dataset distribution using the algorithms,
such as the k-medoid (Kaufman and Rousseeuw 2009) or k-
center-greedy (Bodó, Minier, and Csató 2011). For instance,
Coreset (Sener and Savarese 2018) greedily queries the rep-
resentative data centroids to minimize the total distance from

(a) VisDrone (b) MOT15 (c) CORe50 Benchmark
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Figure 5: Selecting proportion and model gradient norm.

other data samples. CDAL-CS (Agarwal et al. 2020) adopts
k-center-greedy (Bodó, Minier, and Csató 2011) to query the
representative centroids with the varied pairwise contextual
diversity. VAAL (Sinha, Ebrahimi, and Darrell 2019) trains
a variational auto-encoder (VAE) to separate labeled and un-
labeled samples in latent space and query the samples based
on the output probability of the discriminator.

Hybrid strategy (Shen et al. 2023; Parvaneh et al. 2022;
Xie et al. 2023; Ash et al. 2020) incorporates both uncertain-
based and diversity-based sampling to achieve a better trade-
off between informativeness and diversity. For instance,
ALFA-MIX (Parvaneh et al. 2022) utilizes k-means clus-
tering to refine the queried samples to boost latent repre-
sentations. BADGE (Ash et al. 2020) represents unlabeled
data samples by gradient embedding to measure their un-
certainty and query the representative samples by the k-
means++ (Arthur and Vassilvitskii 2007).

Conclusion
This paper investigates the data acquisition strategies for re-
ducing the cost of utilizing continuous learning to tackle data
drift in video analytics. We develop a multi-edge reinforced
video acquisition algorithm that identifies a small and high-
quality subset across multi-edge to optimally enhance model
improvement. Our method can reduce 60%∼70% of training
data while achieving comparable accuracy to achieve cost-
efficient continuous video analytics.
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