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Abstract—Video analytics services utilizing multiple deep neu-
ral network models (DNNs) are increasingly being adopted in
various edge intelligence applications. To avoid the accuracy
reduction caused by data drift, existing works leverage continual
learning that directly retrains DNN models in multi-model appli-
cations. According to our preliminary experiments, we observe
that existing continual learning frameworks neglect the accuracy
correlation among multiple DNN models and the opportunity
to harvest idle resources during model retraining, leading to
considerable resource inefficiency. In this paper, we propose
FaaSLearner, an algorithm-system co-designed continual learn-
ing framework for multi-model video analytics that leverages
the agile and fine-grained resource management of serverless
computing. Specifically, FaaSLearner proposes the correlation-
aware retraining planning to analyze the multi-model correlation,
and then selectively retrain DNN models with the greatest in
accuracy gain. In addition, FaaSLearner proposes the resource-
efficient retraining scheduling to accurately trigger the continual
learning, and then harvest the keep-alive periods for retraining
tasks without interfering with normal inference. We evaluate
FaaSLearner with four common edge video analytics applications
with the Azure public dataset. Extensive experiments show that,
FaaSLearner improves the average application accuracy up to
31.9% over representative baselines, and harvests more than
2.51× idle memory resources for retraining.

Index Terms—Video Analytics, Continual Learning, Serverless
Computing.

I. INTRODUCTION

Deep neural network (DNN) based video analytics is a
key enabler of various modern edge applications such as au-
tonomous driving [1] and embodied intelligence [2]. Moreover,
the vast collection of publicly available DNN models via
HuggingFace [3] and Kaggle [4] enables developers to easily
build multi-model edge video analytics applications to meet the
diverse requirements of users [5]. These applications structure
multiple DNN models in a directed acyclic graph to achieve
complex tasks at the edge. As illustrated in Fig. 1, a real-world
video surveillance application [6] comprises multiple branches
of deep learning components, which are interconnected to
locate and classify objects within videos.
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Fig. 1: Illustration of a typical multi-model video analytics
application at the edge, including object detection, person
recognition, and vehicle type recognition.

Due to the diversity and ever-changing nature of real-
world edge environments, edge video analytics application
suffers from the impact of data drift [7], where the feature
distribution of newly submitted data differs from training
data. For instance, data drift arises when the ambient lighting
conditions [1], weather [8], or even object appearance [9]
change in the requests. Pre-trained models in the multi-model
application cannot handle the occurrence of data drift, leading
to a substantial decrease in analytics accuracy.

To address the data drift issue at the edge, existing
works [1], [7], [8] leverage continual learning, which retrains
DNN models affected by data drift for overall accuracy
improvement. During retraining, the DNNs are updated using
newly collected samples from recent inference requests, while
the class labels for these retraining data are provided by the
cloud-hosted “golden model” [1], [7], [9]. While the labels
are provided from the cloud, the process of updating model
parameters on edge devices remains resource-intensive. Conse-
quently, existing research has pursued optimizations primarily
through algorithm advances and system design. In the realm
of algorithm advances, prior works focus on improving the
efficiency for single-model continual learning via low-rank
adaptation or prudently designed retraining data selection [8].
However, these studies do not fully explore the data drift
relationship among multiple models, typically opting to retrain
all affected models exhibiting such drift. Our preliminary
experiments demonstrate there is the existence of a correlated
drift phenomenon in a multi-model application. Specifically, if
two models are correlated, only retraining the preceding model
brings an accuracy gain to both models. From the system
design perspective, existing continual learning frameworks
leverage the prioritized scheduling of retraining tasks [7] or
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save multiple versions of the model for model reuse [1]
to reduce the resource demand of accurate video analytics.
However, these frameworks fail to efficiently manage the
timing of retraining triggers and the retraining process itself,
leading to suboptimal performance.

Therefore, we argue that an algorithm-system co-design is
necessary to achieve resource-efficient edge video analytics.
By co-design, we mean that to design a holistic framework that
fully integrates the correlated drift observation among multiple
DNN models in both the algorithm side, e.g., correlation
analysis and retraining planning, as well as the system side,
e.g., timing of retraining triggers and resource allocation.

To this end, we propose FaaSLearner, a framework that na-
tively supports resource-efficient multi-model continual learn-
ing at the edge by leveraging the fine-grained resource man-
agement of serverless computing. Serverless computing [10],
[11], also known as Function-as-a-Service (FaaS), is a promis-
ing paradigm for algorithm-system co-design because it auto-
matically manages the provision and termination of serverless
function according to ingress workloads. FaaSLearner follows
this paradigm as a function-level resource management ab-
straction from a platform-provider perspective, enabling the
platform-side runtime to control function creation, instance
reuse, keep-alive duration, and retraining preemption. With the
serverless paradigm, as shown in Fig. 1, developers deploy
model inference or retraining tasks in separate serverless
functions to enable fine-grained resource management. This
paradigm also aligns with the data drift observation by facili-
tating the selective and on-demand retraining triggers.

Based on the serverless paradigm, FaaSLearner holistically
co-designs multi-model continual learning from both algorith-
mic and systemic perspectives. This co-design encompasses:
(1) at the algorithmic level, identifying models affected by data
drift and planning their updates by exploiting the correlated
drift phenomenon; and (2) at the system level, determining
when to trigger retraining and how to schedule resources for
its efficient execution. Specifically, our framework implements
this co-design through four key components. On the algorithm
side, we propose a correlated drift analyzer to select the
minimal set of models necessary for retraining. Based on this,
we then devise a correlation-aware retraining planner, which
prioritizes the selected models based on their importance
for accuracy recovery. On the system side, we introduce
a fluctuation-agnostic function trigger to accurately identify
genuine data drift amidst natural accuracy fluctuations, which
precisely controls the triggering of retraining. Furthermore,
we design a harvest-centric function scheduler that leverages
dynamic, even intermittent, resources harvested from the in-
ference function to execute the retraining inference.

Our main contributions are summarized as follows:

• We present FaaSLearner, the first serverless continual
learning framework for multi-model video analytics de-
livering both high accuracy and resource efficiency.

• Based on the observation of correlated drift, we propose
an algorithm-system co-design methodology. On the al-
gorithm side, we employ correlation analysis to select the
most critical models for retraining. On the system side,
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Fig. 2: Example of a scene change when changing in ambient
lighting conditions and the comparison of ideal and traditional
continual learning.
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Fig. 3: The accuracy variations of the SSD, ShuffleNet, and
VGG models during the 0-40s in Fig. 2.

we achieve precise triggering of the retraining function
and efficient harvesting of idle resources.

• We evaluate FaaSLearner on four multi-model applica-
tions with the real-world Azure dataset. FaaSLearner
improves the average application accuracy up to 31.9%
over representative baselines. It harvests over 2.51× more
idle memory for retraining and achieves 4.45× accuracy
recovery per 100 MB·s of retraining memory on average.

II. BACKGROUND AND MOTIVATION

In this section, we introduce the background of continual
learning against data shift and opportunities via preliminary
experiments, for achieving resource-efficient video analytics
with serverless computing. We deploy the multi-model video
surveillance application from Fig. 1 and a real-world vehicle
detection dataset [12] on an edge server to demonstrate the
impact of data drift. The detailed experimental setup can be
found in Sec VI.

A. Data Drift in Multi-model Applications

Data drift is a prevalent issue in video analytics that can
significantly affect the performance of models over time. As
shown in Fig. 2 (a)→(b)→(c), the ambient lighting conditions
undergo noticeable changes in the external environment. Fig. 2
(d) further shows that these variations cause a significant drop
in application accuracy between 30 and 40 seconds. When the
application’s accuracy drops below the predefined threshold by
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Fig. 4: Illustration of different continual learning strategies on
accuracy as trigger retraining starts from 140s.

TABLE I: The comparison of average GPU memory usage
(MB·s) and application accuracy for different retraining strate-
gies. ✓ indicates that the DNN model needs to be retrained.

Retraining Sub-model Metric
Strategy SSD ShuffleNet VGG Memory Accuracy

Strategy A ✓ 385 0.82
Strategy B ✓ ✓ 632 0.82
Strategy C ✓ ✓ 657 0.82
Strategy D ✓ ✓ ✓ 1254 0.83

the system, it further triggers a data drift event, as shown at the
45-second mark in Fig. 2 (d). Traditional continual learning
strategies typically utilize accuracy degradation as the criterion
for detecting data drift and retrain all models exhibiting
such degradation, which consumes substantial computational
resources. However, due to the resource constraints of edge
devices, this continual learning strategy incurs resource con-
tention, consequently leading to a longer accuracy recovery
time, as shown in Fig. 2 (d). Therefore, an ideal continual
learning strategy featuring a shorter recovery time is critically
needed in resource-constrained scenarios to meet service-level
objectives (SLOs).

In addition, existing video analytics systems often focus
on addressing data drift in single-model applications, where
accuracy degradation is the primary concern. However, in more
complex directed acyclic graph applications that comprise
multiple models [5], [7], the data drift behavior of each model
can vary significantly. To explore the data drift characteristics
of individual sub-models within directed acyclic graph appli-
cations, our analysis focuses on the accuracy variations of the
SSD, ShuffleNet, and VGG models during the 0-40 second
interval of Fig. 2 (d). The results reveal that when the accuracy
of a preceding model (e.g., SSD) declines, subsequent models
(e.g., ShuffleNet or VGG) also experience a corresponding
degradation in accuracy, as highlighted by the red regions
in Fig. 3. We refer to this phenomenon as correlated drift.
Notably, correlated drift is a recurring behavior in multi-model
video analysis applications rather than an artifact confined to
the illustrative example in this section.

B. Retraining Strategies for Multi-model Applications

Traditional continual learning approaches typically involve
retraining all models that exhibit a decrease in accuracy
beyond a predefined threshold. Unfortunately, due to the cor-
related drift among multiple models, as discussed in Sec. II-A,
traditional continual learning methods cause ineffective re-
training when applied to multi-model applications. To demon-
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Fig. 7: Keep-alive period.
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strate this issue, we conduct a preliminary experiment where
Fig. 4 illustrates the fluctuations in application accuracy over
time. The data drift detection method is the same as that
described in Sec. II-A. As depicted, data drift is detected
130 seconds, with retraining commencing at 140 seconds. The
delay is due to the need to collect sufficient data for retraining.
Notably, the three retraining strategies are triggered at 140
seconds, namely only retrain SSD or ShuffleNet, retrain both
models. We observe that retraining the SSD model only results
in a similar accuracy improvement as retraining both models.
This is because the ShuffleNet model for recognition depends
on the object detection results of the SSD model.

Further, we compare different retraining strategies for video
surveillance applications when encountering correlated drift,
focusing on average GPU memory usage (MB·s) and ap-
plication accuracy. As shown in Tab. I, strategy A achieves
comparable accuracy with the least memory. Compared with
strategy D, which involves retraining all models, retraining
only SSD saves 3.25× memory. This is attributed to the fact
that retraining the preceding SSD model also enhances the
accuracy of subsequent ShuffleNet models. In other words,
improvements in the accuracy of subsequent models can ben-
efit from retraining only the preceding model. Consequently,
we take advantage of this correlation to strategically select the
models to be retrained, which achieve comparable accuracy
against the full retraining with less resource usage.

C. Retraining Trigger against Accuracy Fluctuation

Due to the dynamic nature of user-submitted requests, ap-
plication accuracy may exhibit fluctuations even in the absence
of data drift [8]. As demonstrated by the variations observed
in Fig. 2 and Fig. 3, the application accuracy fluctuates
significantly over time, with variations exceeding 20% in
certain instances.

Current detection methods identify data drift through vari-
ous approaches, such as fixed-length detection windows [7]
and adaptive detection thresholds [13], initiating retraining
when accuracy falls below the set thresholds. The former
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Fig. 9: An overview of FaaSLearner framework.

method employs a fixed-length detection window (e.g., 50
seconds) to monitor whether the accuracy decline exceeds
a predefined threshold, as indicated by the triangle in Fig.5.
The latter method adaptively determines whether the similarity
in input data distribution between consecutive time intervals
surpasses a predefined threshold, as shown by the diamond
in Fig.5. However, these methods are susceptible to false
positives, potentially mistaking normal accuracy fluctuations
for data drift. The optimal trigger point occurs near 125 sec-
onds, as indicated by the five-pointed star in Fig.5. Triggering
retraining at other times would result in unnecessary retraining.

This frequent retraining not only increases computational
overhead but also leads to significant resource wastage. Specif-
ically, we compare the average memory usage (MB·s) and
application accuracy of three trigger strategies within 120
seconds. As illustrated in Fig. 6, the fixed-length detection
window and dynamic-threshold methods consumed 3.3× and
5.2× more memory resources, respectively, than the ideal trig-
ger method, despite their detection accuracies being relatively
comparable. This highlights the limitations of current detection
methods, which waste substantial computing resources due to
false triggers.

D. Resource Harvesting for Retraining

In the existing serverless computing paradigm, service
providers leverage a keep-alive period after a function com-
pletes its serving to prevent the cold start [10]. During keep-
alive, functions are kept idle to await potential new requests.
If we harvest these idle resources for model retraining, the
overall resource efficiency is improved without additional cost.

To show the possibility of utilizing keep-alive for retraining,
we conduct an experiment on the keep-alive period and the
retraining time. Fig. 7 illustrates the keep-alive period under 5
workloads of the Azure serverless dataset [10]. We observe
that over 95% of keep-alive periods are second-level. In
addition, Fig. 8 shows that the retaining time of both SSD and
ShuffleNet is in the millisecond range for one iteration when
using retraining samples of varying sizes. The iteration-level
retraining time includes the forward pass, backward pass, and
optimizer update, and excludes data loading time. This is
because the retraining samples already reside in GPU memory
from continuous inference and are directly reused within the

same function instance. Hence, we observe an opportunity
that the idle keep-alive resources can be utilized to retrain for
several iterations.

III. FAASLEARNER OVERVIEW

The preliminary experiments presented in Sec. II highlight
promising opportunities for achieving resource-efficient multi-
model continual learning at the edge. However, these findings
also reveal two key challenges that must be addressed to
realize such a framework. First, from the algorithm design per-
spective, it remains difficult to determine whether the accuracy
degradation of a model stems from its own data drift or from
correlated preceding models within a multi-model application.
This ambiguity, coupled with the dynamic and time-varying
inter-model correlation, makes it non-trivial to accurately
distinguish correlated drift and formulate effective retraining
strategies. Second, from the system design perspective, exist-
ing drift detection methods are susceptible to false retraining
triggers caused by short-lived accuracy fluctuations, leading
to severe resource wastage. Meanwhile, although serverless
environments provide opportunities to utilize idle resources,
their highly dynamic workloads make retraining intermittent
and difficult to schedule.

To overcome the above challenges and provide accurate
yet resource-efficient video analytics, we build a continual
learning friendly serverless framework named FaaSLearner.
FaaSLearner targets provider-controlled serverless edge plat-
forms or private FaaS deployments, where the platform run-
time can manage function invocation, instance reuse, keep-
alive duration, and retraining preemption.

Fig. 9 illustrates the overview of FaaSLearner framework.
Developers submit their multi-model video analytics applica-
tion composed of directed acyclic graphs to FaaSLearner and
set the SLO of their applications. A DNN Model Profiler
analyzes the directed acyclic graph offline to obtain several
performance indicators such as retraining time per iteration
and the resource usage during inference for retraining plan-
ning and scheduling. In addition, cloud-hosted golden models
generate pseudo labels for edge-side retraining, not for online
inference, because repeated cloud offloading under long or
frequent drift violates low-latency SLOs.
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Fig. 10: The generation process of a model’s accuracy distri-
bution across different detection windows.

Specifically, users submit video frames to a specified video
analytics application, but the data or label distribution of
the inputs can be different from the pre-trained models. In
FaaSLearner, the Correlated Drift Analyzer (§IV-A) identifies
the truly necessary models for retraining by analyzing the cor-
relations among multiple models. Then, the Correlation-aware
Retraining Planner (§IV-B) formulates retraining strategies,
including the selection of models, samples, and iterations.
Next, we design the Fluctuation-agnostic Function Trigger
(§V-A) to accurately trigger the retraining task and avoid the
waste of computing resources caused by false triggering of
accuracy fluctuations. Finally, the Harvest-centric Function
Scheduler (§V-B) exploits idle resources during the keep-alive
period to efficiently manage retraining tasks.

During the execution of each serverless function, the Func-
tion Resource Monitor watches and adjusts the resource alloca-
tion of each function akin to Freyr [11] with the help of offline-
generated model profiles. Furthermore, a Function Keep-
alive Manager handles the keep-alive period of each function
according to the request ingress rate. FaaSLearner adopts
the widely-used long-short term histogram policy [10]. It is
worth noting that the resource scheduling of FaaSLearner is
not bound to any keep-alive policies and the policy can be
substituted if necessary.

IV. CORRELATION-AWARE RETRAINING PLANNING

On the algorithm side, to address the ever-changing cor-
related drift across different times and models, we propose
Correlated Drift Analyzer (§IV-A) and the Correlation-aware
Retraining Planner (§IV-B) to avoid ineffective retraining and
dynamically update retraining strategies.

A. Correlated Drift Analyzer

Preliminary experiments show that, within a given detection
window, retraining solely the preceding model can achieve
accuracy improvements comparable to those obtained through
joint retraining of correlated models. Exploiting this observa-
tion, we reduce unnecessary retraining by analyzing the corre-
lations between multiple models in the window. Specifically,
we model the inference accuracy curve. Then we quantify the
pairwise correlation of these curves to identify which models
are actually affected by the correlated drift.

Firstly, we employ a sequence of data drift detection win-
dows W =

⋃K
k=1 wk to partition video frames. The inference

accuracy of each video frame of window wk is represented
as Ak = {a1, a2, . . . , aν , . . . , a|wk|}, where |wk| represents
the size of kth window, ν represents the index of video

frames. Next, we discretize the inference accuracy into m
non-overlapping bins to obtain a probability distribution F , as
depicted in Eq. 1, where 1{·} denotes the indicator function.
For example, when m = 10, the accuracy interval [0, 1] is
discretized into 10 mutually exclusive bins, each of width 0.1
(i.e., bin1= [0, 0.1), bin2= [0.1, 0.2), ..., bin10= [0.9, 1.0]).
Consequently, each model is associated with a accuracy dis-
tribution F = [F (1), F (2), . . . , F (m)] within the window wk.
Fig. 10 shows an example of a single model across different
detection windows to illustrate the generation process of its
accuracy distribution vector.

F (η) =
1

|wk|

|wk|∑
ν=1

1{aν ∈ binη}, η = 1, 2, . . . ,m, (1)

Secondly, we employ the Kullback-Leibler (KL) divergence
to quantify the correlation between the accuracy distributions
of different models. The KL divergence is commonly em-
ployed to evaluate correlation in the distribution of input
content when determining data drift [14]. Meanwhile, high-
dimensional visual data must undergo computationally inten-
sive dimensionality reduction [7] prior to evaluation, which
can negatively impact service latency.

Fortunately, the inference accuracy distribution of each
model can be captured online in real time. Specifically, for
a model vi, its inference accuracy distribution is constructed
from its per-frame inference accuracy values observed over
time within a detection window. Based on these distributions,
we compute the KL divergence between multiple models to
characterize the correlation of their inference accuracy distri-
bution curves. This approach avoids the computational burden
associated with high-dimensional visual data processing and
achieves efficient correlation analytics, as depicted in Eq. 2.

ICwk
vi,vj = DKL(P

k
vi ||Q

k
vj )

=
∑
t∈T

P k
vi(t)log

P k
vi(t)

Qk
vj (t)

,
(2)

where ICwk
vi,vj represents the correlation of the inference

accuracy distribution curve between models vi and vj within
window wk. We use P k

vi(t) and Qk
vj
(t) to represent the

inference accuracy distribution of vi and vj with timestamp
t in the kth window, respectively. The correlation matrix
between multiple models is obtained via Eq. 2. A smaller
value indicates higher correlation between models, suggesting
a greater likelihood of correlated drift phenomena.

Subsequently, we establish a correlation threshold λ and
identify multiple model pairs below this threshold. We posit
that these model pairs exhibiting data drift conform to cor-
related drift characteristics, where comparable retraining out-
comes can be achieved solely through retraining preceding
models. The correlation analysis in this stage is used to provide
an initial retraining-priority signal rather than a final or causal
decision rule. Its role is to identify likely correlated model
pairs based on statistical association and reduce unnecessary
retraining in the current window.

B. Correlation-aware Retraining Planner
Although we mitigate unnecessary retraining through corre-

lation analysis, edge devices with constrained resources com-
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Algorithm 1: Priority-driven Retraining Algorithm
Input: Correlation matrix between multiple models,

cost constraint B, video frame set F .
Output: Retraining strategy πk=1,2,...,K .

1 for kth window in K do
2 vret = argmaxvi

∑
vj
ICwk

vi,vj
;

3 samplek ← maxDistance(Fk,Fk−1);
4 for iteration = 1, 2, 3, . . . do
5 πk ← vretr , samplek, iterationk ;
6 accπk

, budgetπk
←

Retπk
(vretr , samplek,iterationk) ▷ Retrain

model and output accuracy and cost;
7 if budgetπk

≥ B then
8 return πk;

9 else if accπk

accπk−1
≥ 1 then

10 continue;

11 return retraining strategy πk=1,2,...,K .

pel us to meticulously formulate retraining strategies within
each detection window. To solve the problem, we propose
the correlation-aware retraining planner by analyzing the
accuracy gain of retraining to generate retraining strategies.

Firstly, we formulate an optimization problem maximizing
accuracy gain from retraining to determine optimal strategies.
We select retraining models with the strategy πk under cost
constraint B and accuracy constraint areq set by developers
to maximize retraining accuracy gain. As shown in Eq. 3,
Retπk

(S∗
k , samplek,iterationk) express that in the kth win-

dow, the optimal retraining model set S∗
k is selected, and

retraining is performed by determining the sampling samplek
and retraining times iterationk.

max

K∑
k=1

Retπk
(S∗

k , samplek, iterationk)

s.t.
K∑

k=1

(a1 + · · ·+ a|wk|)/|wk|
K

> areq (3-1)

r ·m · TG ≤ B (3-2).

(3)

Constraint (3-1) indicates that the average accuracy of win-
dows meets the accuracy constraint. Constraint (3-2) ensures
that the total retraining cost does not exceed the specified
monetary budget. In constraint (3-2), r is the price per
GB·second based on AWS pricing policies [15], m represents
the resources usage consumed by applications, and TG is the
execution time after rounding to the nearest billing unit.

Secondly, for solving this constrained optimization problem,
we design a Priority-driven Retraining Algorithm to determine
strategy πk by selecting parameters S∗

k , samplek, iterationk

in detection window wk, as shown in Algorithm. 1. This
algorithm accelerates model retraining by strategically priori-
tizing retraining models that demonstrate the most significant
accuracy gain during iterative retraining.

Specifically, within each detection window wk, we select
the model vret that has the highest correlation with subse-

quent models (Line 2) by Eq. 4. This model is assigned the
top retraining priority, while other priorities are determined
accordingly. Since vret represents the most influential prede-
cessor, retraining it first not only improves its own accuracy
but also propagates accuracy gains to its correlated successors,
thereby reducing the need for redundant retraining.

vret = argmax
vi

∑
vj

ICwk
vi,vj . (4)

In addition, we select the sampling strategy samplek by
selecting the samples with the greatest difference within adja-
cent windows following AdaInf [7] (Line 3). Meanwhile, the
retraining process is dynamically regulated by simultaneously
monitoring accuracy and cost constraint to determine retrain-
ing iterations (Lines 4-10). To balance accuracy and cost,
we determine iterationk by establishing a stopping criterion
for increasing iterations if the gradient of the accuracy gain
between two adjacent windows becomes gradually smaller.
The logic behind this is that deep learning model training
curves are generally concave (i.e., accuracy increases rapidly
and then slows down) [1]. While this approach may result
in suboptimal model performance, it enables achieving a
satisfactory accuracy gain within a reasonable cost. Finally,
we continue to cycle through the above process in the window
until the constraints are not satisfied.

Importantly, the priority given by correlation analysis is
not fixed across windows. Under confounded-drift scenarios,
upstream and downstream models may be simultaneously af-
fected by a common external factor, such as lighting, weather,
or camera-view changes. In such cases, retraining the initially
selected upstream model may not fully recover downstream
accuracy. If this upstream adaptation yields limited accuracy
gain, the planner stops further retraining of that model accord-
ing to the stopping criterion and re-evaluates the retraining
target in subsequent windows.

V. RESOURCE-EFFICIENT RETRAINING SCHEDULING

On the system side, to address the false retraining trigger
caused by short-lived accuracy fluctuations and intermittent re-
training resource, we design the Fluctuation-agnostic Function
Trigger (§V-A) and the Harvest-centric Function Scheduler
(§V-B) to precisely trigger retraining function and harvest idle
resources in serverless inference function.

A. Fluctuation-agnostic Function Trigger

In a serverless computing paradigm, the detection of data
drift directly triggers the serverless function for model re-
training. Consequently, the precision of the drift detector is
critical: a single false positive incurs the cost of provisioning
computational resources for an unnecessary retraining, while
a missed detection delays accuracy recovery and degrades
service quality. Traditional detection methods [7], [1], being
susceptible to transient accuracy fluctuations inherent in dy-
namic video content, often lead to such resource inefficiency.
To address this, we design fluctuation-agnostic function trigger
that accurately distinguishes genuine data drift from benign
accuracy noise, thereby ensuring that the serverless function
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Fig. 11: Illustration of the maximum normalization accuracy
gradient and distribution function computation.

for retraining is launched only when truly warranted. Our de-
tector enhances robustness from two perspectives: an adaptive
detection window that dynamically adjusts its sensitivity, and a
fluctuation-agnostic distribution-aware detector that filters out
spurious fluctuations.

Adaptive drift detection window. Conventional data drift
detection methods lead to missing the optimal detection lo-
cation of data drift. For example, a large detection window
risks delaying retraining, while a small detection window may
trigger false positives. Therefore, we design the adaptive drift
detection window to locate the optimal detection point.

Specifically, the window size shrinks when the inference
accuracy is close to the accuracy constraint, ensuring that drift
is detected in smaller timeframes. Conversely, if the inference
accuracy is further from the accuracy constraint, the window
size increases to accommodate larger fluctuations and avoid
false positives. To implement this adaptive mechanism, the
window size |wk| is regulated by Eq. 5 within the range
(0, |wmax|), where |wmax| represents the maximum detection
window size. The experimental setup employs the maximum
detection window size of 50 seconds, consistent with the
parameter configuration used in existing continual learning
systems such as AdaInf [7]. Furthermore, by employing a
sliding (rather than segmented) window, our approach can
seamlessly capture data drift events that persist beyond a single
50-second interval.

|wk| = |wmax| × Sigmoid(x)

= |wmax| ×
1

1 + e−(αx+β)
.

(5)

x = ave(Ak−1) represents the average accuracy in the k-1
window. Given the properties of the Sigmoid function, when
x approaches high accuracy (close to 1), we constrain the
Sigmoid output to converge towards 1, thus edging closer to
the maximum window |wmax|. Similarly, when x gets closer
to the accuracy constraint areq set by developers, we constrain
the Sigmoid value to approach 0 to minimize the size of
the detection window to avoid missing the optimal retraining.
The hyperparameters α and β dictate the speed at which the
window size diminishes.

Fluctuation-agnostic distribution-aware detector. Once the
adaptive window defines the scope for detection, this detector
determines whether a data drift has occurred within it, thus
deciding if a retraining instance should be triggered. It prevents
false triggers from transient accuracy drops (e.g., temporary
object occlusions) by modeling the empirical distribution of

Accuracy fluctuation
 of current detection  

window |��|

Maximum normalization 
accuracy gradient ∆�� Case 1

|��| |��| |��|

Three 
case 

of 
data 
drift

Case 2 Case 3

∆�
�

∆�
�
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�

Fig. 12: Illustration of data drift in the current detection
window |wk|. Data drift is declared when the gradient deviates
beyond the distribution boundaries.

normal accuracy fluctuations. A significant deviation of the
current inference accuracy from this distribution indicates
genuine data drift and triggers retraining instances.

Specifically, we establish a baseline empirical distribution
for accuracy under normal fluctuations, as shown in Fig. 11.
Firstly, we identify the maximum normalization accuracy
gradient within detection windows at a specific time t0:

∆ak(|wk| = ti−t0) = max
t0≤τ≤ti,i=1,2,...

|ak(τ)− ak(t0)|
|ak(t0)|

, (6)

where ∆ak represents the maximum variation of inference
accuracy in window wk, and τ represents a dynamically
advancing microtime marker. Next, we offline construct the
function f (|wk| ,∆ak) as depicted in Eq. 7. This function
characterizes, for each window size |wk|, the empirical dis-
tribution of the maximum normalized accuracy gradient ∆ak
observed over the interval [ts, tf ]. In other words, it captures
how the maximum accuracy variation evolves with different
window sizes across time. Here, ts and tf denote the starting
and ending points of the baseline distribution, respectively.

f(|wk|,∆ak) =⋃
k,j

{
∆ak

(
|wk|j = (tj + |wk|)− tj

)∣∣∣ ts ≤ tj ≤ tf

}
. (7)

Subsequently, we determine whether the accuracy fluctuation
in the current detection window conforms to the baseline
empirical distribution. As shown in Fig. 12, a data drift is in-
ferred within the window if its maximum normalized accuracy
gradient falls outside this empirical distribution. Otherwise, the
fluctuation is regarded as normal.

B. Harvest-centric Function Scheduler

To improve resource efficiency in terms of serverless
frameworks, pioneer approaches [11], [16] harvest the over-
configured resources and re-allocate them to under-provisioned
services. However, these existing works overlook the opportu-
nity to harvest idle resources during the function keep-alive
period which is widely adopted in state-of-the-art research
and commercial serverless platforms. Furthermore, as we illus-
trated in §II-D, the keep-alive period is suitable for retraining
tasks. Hence, to improve resource efficiency in terms of server-
less frameworks, FaaSLearner proposes the harvest-centric
function scheduler to perform continual learning with not only
the harvested resources of over-provisioned functions akin to
Freyr [11] but more importantly the keep-alive period of each
function. In particular, FaaSLearner leverages the aggregated
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Fig. 13: Three cases of retraining task execution: opportunistic
completion during keep-alive period, preemption by an infer-
ence task, and execution in a newly instantiated function.

keep-alive resources across multiple function instances, rather
than requiring a complete retraining iteration to fit within the
keep-alive period of a single instance.

In addition, retraining scheduling presents two key chal-
lenges. First, retraining candidates and priorities are dynamic
because the correlation-aware retraining planner may defer
certain models. To fully exploit keep-alive periods in multi-
model applications, FaaSLearner distributes retraining tasks
across multiple function instances. For example, in Fig. 9,
the highest-priority retraining tasks for Models #1 and #5
are assigned to all instances in the directed acyclic graph. As
shown in Case 1 of Fig. 13, the available idle resources during
keep-alive are sufficient for retraining. Second, keep-alive
periods are unpredictable. New inference requests may arrive
at any time, requiring retraining to be preempted for inference
serving (Case 2 in Fig. 13). Accordingly, FaaSLearner pri-
oritizes inference and performs retraining opportunistically
during inference idle time. Because retraining is executed
in millisecond-scale iterations, interrupted execution resumes
from the nearest checkpoint, bounding preemption overhead
to at most one iteration.

In terms of scheduling strategy, FaaSLearner makes dy-
namic and intermittent resources continuous and available
by utilizing known conditions. These conditions include the
dynamically determined keep-alive period obtained by analyz-
ing historical workloads, the retraining time of one iteration
per model as obtained by the DNN Model Profiler, and the
retraining policy. Furthermore, if requests continuously arrive,
FaaSLearner instantiates new serverless function instances for
retraining, as shown in Case 3 of Fig. 13. This fallback is also
triggered when keep-alive periods are shorter than the per-
iteration retraining time, or when commercial FaaS platforms
freeze execution environments after response return. In these
cases, FaaSLearner retains correlation-aware planning and on-
demand triggering, while the additional resource-reuse benefit
of keep-alive harvesting becomes unavailable.

To facilitate the shared keep-alive retraining across dif-
ferent functions, a naı̈ve approach is to create a shared
file for the model weights and mount it to each function.
This direct mounting based on file storage is inefficient
and increases the risks of misoperation and malicious abuse.
Hence, FaaSLearner creates a virtual in-memory file system
with tmpfs [10], [17] and mounts it to each retraining

task. Therefore, checkpoint save and restore operations are
performed at memory speed rather than disk speed, which
substantially reduces the overhead compared with disk-based
storage. In addition, because tmpfs avoids disk I/O, it also
avoids disk-level resource contention with inference requests
when retraining is interrupted and later resumed.

VI. EVALUATION

A. Experimental Setup

Testbed. We utilize 4×RTX3090 GPUs as a cloud server
for the “golden model”, leveraging their robust computational
capabilities to generate retraining labels. For executing the
serverless function invocations, we deploy a Docker container
on the custom private edge server without the freeze semantics
of commercial FaaS platforms such as AWS Lambda. This
testbed implements the provider-controlled serverless edge
runtime assumed by FaaSLearner, where warm function in-
stances remain executable during keep-alive periods and thus
enable continual retraining. The edge server is equipped with
1×RTX 3090 GPU and a 20-core Intel i7-12700 CPU, with
CUDA version 12.6. The two servers are connected via 1
Gbps Ethernet. In addition, we employ the Microsoft’s Azure
serverless dataset [10] to simulate five typical types of trigger
workload, namely Periodic, Steady (High), Bursty, Steady
(Low), and Sporadic. We use a widely-adopted weighted
hybrid histogram policy [10] to calculate the keep-alive period.
The average keep-alive of the five aforementioned workloads
is 0.53s, 0.66s, 0.71s, 1.22s, and 2.01s, respectively.

Applications. We implement four DAG applications
from [7], [5]: vehicle monitoring (VM), AMBER alert
pipeline (AMBER), pedestrian activity recognition and track-
ing (PART), and automatic driving panoramic perception
(ADPP). Complexity increases from VM to ADPP. We employ
three high-accuracy golden models consistent with AdaInf [7]
and RECL [1]: ResNeXt 101 (88%), YOLOv3 (89.19%),
and U2Net (89.6%) for object classification, detection, and
segmentation. A more detailed description is shown in Fig. 14,
where the model and pre-training weights for the deep learning
components are obtained HuggingFace [3]. In addition, the
computational cost of this labeling process is not included in
our measurements.

Datasets. Current video analytics datasets, such as UA-
DETRAC [12], Sports MOT [18], and Cityscapes [19], usually
do not directly contain video clips with data drift. To address
the absence, we follow traditional approaches [1], [20], [21]
to reconstruct the datasets by altering scenes or urban settings
at regular time intervals, thereby simulating data drift. For
instance, the UA-DETRAC dataset encompasses scenes from
24 different cities and four types of weather conditions. We
simulate data drift by switching cities and weather conditions.

Baselines. We compare FaaSLearner with four continual
learning frameworks. (1) Gecko [21] retrains data drift mod-
els by collecting a fixed number of low-accuracy samples
and launches a serverless function for reallocating resource
under source contention. (2) AdaInf-Freyr (AI-F). Freyr [11],
a serverless computing platform, efficiently utilizes idle re-
sources for functions that are over-configured. We extend Freyr
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TABLE II: The comparison of application accuracy under resource constraints.

Gecko AI-F AT-F Ours Ideal

VM

Periodic 0.4932 0.5643 0.6474 0.8148 0.8522+359.9

Steady(High) 0.4856 0.5681 0.6362 0.8378 0.8561+360.3

Bursty 0.4963 0.5726 0.6782 0.8643 0.8542+372.6

Steady(Low) 0.4837 0.5768 0.6812 0.8876 0.8578+362.8

Sporadic 0.4985 0.5789 0.6836 0.8975 0.8584+361.8

AMBER

Periodic 0.5253 0.5844 0.6585 0.8245 0.8384+371.5

Steady(High) 0.5342 0.5768 0.645 0.8353 0.8432+361.8

Bursty 0.5353 0.5823 0.6834 0.8563 0.8468+360.7

Steady(Low) 0.5242 0.5812 0.6854 0.8882 0.8502+358.8

Sporadic 0.5224 0.5825 0.6876 0.9102 0.8531+369.4

Gecko AI-F AT-F Ours Ideal

PART

Periodic 0.5537 0.6796 0.7534 0.8154 0.8645+480.2

Steady(High) 0.5539 0.6848 0.7541 0.8353 0.8662+485.1

Bursty 0.5558 0.6663 0.7654 0.8664 0.8653+475.7

Steady(Low) 0.5673 0.6652 0.7614 0.8785 0.8676+466.1

Sporadic 0.5753 0.6887 0.7743 0.8952 0.8688+478.7

ADPP

Periodic 0.6257 0.8654 0.8853 0.9043 0.8845+1081.1

Steady(High) 0.6554 0.8787 0.8886 0.9131 0.8823+1117.8

Bursty 0.6483 0.8754 0.8878 0.9223 0.8914+1088.6

Steady(Low) 0.6483 0.8735 0.8845 0.9274 0.8952+1085.5

Sporadic 0.6576 0.8764 0.8852 0.9362 0.8958+1079.7

γ+δ means that Ideal consumes additional δ MB·s of memory resources per request, achieving γ application accuracy. Bold and underlined
text indicates the best and second-best application accuracy, respectively.
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❶
❷

❸

if

else
① ②

②

②

❶
❷

❹
① ②

②

②

❸

❺

②

②

❶ ❷① ② ②

❶ ❷① ② ②
❸① ②

Vehicle detection(❶SSD), 
Vehicle model 

recognition(❷Shufflenet)

Object detection(❶SSD), 
Vehicle type recognition(❷VGG), 

Face recognition(❸Shufflenet)

Human detection(❶SSD), 
Human activity recognition(❷Shufflenet), 

Person identity finding(❸MobileNet)

Image Super-Resolution(❶SCNet), 
Object detection(❷SSD), 

Traffic light recognition(❸VGG), 
Lane detection(❹ResNet18), 
Area segmentation(❺FCN)

PA
R

T
A

M
B

ER

App. DAG Nodes(Model)

A
D

PP

Length(Form)

5
(sequential)

7
(branching)

8
(sequential)

11
(parallel)

Video content

UA-DETRAC

Cityscapes

SportsMOT

UA-DETRAC

Fig. 14: Detailed description of the applications and datasets.
Each application contains (i) deep learning components that
can be retrained and (ii) non-deep learning components, such
as pre-processing ① (video encoding and decoding, data
processing, etc.) and post-processing ② (image cropping, etc.)
to improve the data exchange between components.

with continual learning, named AdaInf [7]. AdaInf identifies
data drift by utilizing a fixed detection window and quantifies
the impact of data drift on the model using an impact degree
metric. (3) AdaTrigger-Freyr (AT-F). We also extend Freyr
with continual learning, named AdaTrigger [13]. AdaTrigger
formulates an adaptive threshold based on the decline in
sampling frame accuracy to initiate the retraining process.
(4) Ideal. It serves as an unconstrained baseline to evaluate
Gecko’s performance across various resource configurations.
This configuration removes cost limitations to provide insights
into Gecko’s accuracy potential under optimal conditions.

Metrics. We employ the application accuracy, memory
usage, accuracy gain, and accuracy recovery time to evaluate
the performance of different continual learning frameworks
for resource-efficient video analytics. (1) Application Accuracy
refers to the overall accuracy of video analytics applications
under developer-specified application SLOs. (2) Memory Us-
age refers to the amount of memory resources consumed
during the retraining process. (3) Accuracy Gain refers to the
percentage increase in model accuracy per unit of resource
consumption (e.g., per 100 MB·s of memory resources). This
metric reflects the accuracy improvement efficiency through
retraining in resource-constrained scenarios. (4) Accuracy Re-
covery Time is the duration from when data drift starts to
when the application’s accuracy returns to a satisfactory level

of accuracy. This metric evaluates the retraining efficiency of
a continual learning framework in addressing data drift. A
shorter recovery time indicates a faster response, enhancing
service quality.

B. End-to-end Evaluation

We compare FaaSLearner with the state-of-the-art serverless
continual learning framework, regarding accuracy and resource
efficiency. We validate the efficiency of FaaSLearner by imple-
menting 20 benchmarks that include a mix of four applications
and five workloads.

Application Accuracy. As shown in Tab. II, compared
with Gecko, AI-F, and AT-F, FaaSLearner improves the av-
erage application accuracy by 31.9%, 19.9%, and 12.9%,
respectively. Compared with Ideal, FaaSLearner improves the
average application accuracy of 1.09%, but Ideal pays an
additional 573.96 MB·s of average resource consumption for
each retraining. FaaSLearner harvesting idle resources without
the extra effort of resource usage. Additionally, the accuracy
of FaaSLearner is comparable to that of Ideal, and in some
benchmarks, even surpasses Ideal. Despite Ideal not being
constrained by retraining resources, the inadequacy of the data
drift detection technique results in FaaSLearner outperforming
Ideal in terms of accuracy.

In addition, as the directed acyclic graph of applica-
tions grows in complexity, the application accuracy of
FaaSLearner and baselines steadily increases. For example,
under Periodic workload, compared to the simplest-structured
VM application, Gecko, AI-F, AT-F, and FaaSLearner achieved
improvements of 13.25%, 30.11%, 23.79%, and 8.95% re-
spectively in the most complex-structured ADPP application.
The reason for this is that complex applications with directed
acyclic graphs include more DNN models, leading to an
abundance of idle resources. Consequently, FaaSLearner and
baselines, which retrain by utilizing these idle resources, are
better equipped to fulfill accuracy and cost constraints in
the more complex ADPP application. Furthermore, with the
prolonged keep-alive period of workloads, the application
accuracy of FaaSLearner steadily improves, whereas the accu-
racy of the baselines remains relatively stable. The improving
accuracy in FaaSLearner can be attributed to retraining by har-
vesting resources of the keep-alive period, with more resources
becoming available as the keep-alive period increases.
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Fig. 15: The comparison of memory usage and accuracy gain in retraining windows. A negative memory usage represents the
harvested idle resources from the serverless function of the framework, and a positive value means the additional resource
usage for retraining. We draw detailed mini-images to distinguish overlapping baselines.

Accuracy Gain. We compare the average accuracy gain of
FaaSLearner and baselines of memory resources consumed,
as shown in Fig. 15. The y-axis represents the accuracy
gain achieved for every 100 MB·s of consumed memory
resources. The x-axis shows the average memory usage per
request (MB·s), relative to the default memory configuration.
During retraining, the average accuracy gain achieved by
FaaSLearner, Gecko, AI-F, AT-F are 15.5%, 2.7%, 3.5%,
and 4.6%, respectively. This primarily results from selectively
retraining FaaSLearner through correlation analysis between
multiple models, thereby preventing the unnecessary retraining
of models. Conversely, Gecko, AI-F, and AT-F retrain all
models affected by data drift. Under the constraint of the cost
budget, retraining unnecessary models competes for memory
resources, resulting in slower accuracy gain.

In addition, we analyze the influence of the directed
acyclic graph complexity of different applications on the
accuracy gain. In the VM application with a simple directed
acyclic graph structure, compared with Gecko, AI-F, AT-F,
FaaSLearner has an average accuracy gain of 3.7×, 3.1×,
and 2.4×, respectively. In the ADPP application with a
more complex directed acyclic graph structure, compared with
Gecko, AI-F, AT-F, FaaSLearner has an average accuracy
gain of 13.2×, 9.5×, and 5.6×, respectively. We notice that
FaaSLearner exhibits a greater increase of accuracy gain in
more complex applications with a directed acyclic graph due
to the increase of triggered retraining frequency.

Memory Usage. As shown in Fig. 15, we compare the
memory usage of FaaSLearner and baselines during retraining.
FaaSLearner, AI-F, and AT-F harvest an average memory us-
age of 430.8MB·s, 166.2MB·s, and 171.4MB·s. Compared to
AI-F and AT-F, FaaSLearner harvests more than 2.51× mem-
ory resources for retraining. Additionally, we harvest most of
the memory resources except those consumed by inference,
including over-configured memory resources and those during
keep-alive. Compared to AI-F, AT-F, and FaaSLearner, Gecko
incurs an additional 0.84×, 1.82×, and 3.12× of average
memory resources to support retraining. This is because Gecko
needs to launch a new serverless function for each retraining.

In addition, we analyze the influence of different keep-
alive periods on memory usage. In comparison to Periodic,
the resource consumption in Steady (High) is approximately
27% higher, Bursty is 40% higher, Steady (Low) is 197%
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Fig. 16: The comparison of false and true positive ratio of drift
detection under the workload Periodic.

higher, and Sporadic is 371% higher. We find that the resources
harvested by FaaSLearner increased with the growth of the
keep-alive periods. Differently, we observe in Fig. 15 that
when the keep-alive periods change, the resource usage by
AI-F, AT-F, and Gecko are relatively stable. This also shows
that the longer the keep-alive, FaaSLearner harvests more idle
resources from the serverless function.

C. Effectiveness of Data Drift Detector

We compare the ratio of false positives and true positives
and show the resource usage and utilization analysis under a
data drift segment. The ground truth of the data drift point is
difficult to capture accurately. Therefore, we define the data
drift range as the adjacent detection window near the ground
truth. If the detection framework can detect data drift within
this range, it is considered a true positive; otherwise, it is a
false positive.

False Positive and True Positive. As shown in Fig. 16,
FaaSLearner achieves the lowest false positive ratio, reducing
it to below 10%, which is on average 4.4×, 4.9×, and
5.5× lower than Gecko, AI-F, and AT-F, respectively. This
is because FaaSLearner captures a longer temporal window
to predict accuracy, making it more robust to short-term
accuracy fluctuations, whereas Gecko, AI-F, and AT-F rely on
fixed detection windows or threshold-based comparisons and
are therefore more sensitive to such fluctuations. Meanwhile,
FaaSLearner also attains the highest true positive rate, with
an average of 85%, outperforming Gecko, AI-F, and AT-F
by 12%, 4%, and 13%, respectively. Although AT-F achieves
a comparable true positive rate due to its adaptive-threshold
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Fig. 17: Comparison of accuracy gain and recovery time under
the application VM and workload Periodic.

mechanism that enables multiple detections within a single
window, it also incurs the highest false positive rate among
the baselines. As the application becomes more complex, both
FaaSLearner and baselines exhibit higher false positive ratios,
since accuracy fluctuations in more complex applications
propagate across multiple models more significantly.

Comparison with Feature Embedding-Based Drift De-
tection. We further compare FaaSLearner’s accuracy-based
drift trigger with a feature embedding-based alternative from
Gecko [21] on ShuffleNet and SSD in terms of detection
sensitivity and computational overhead. The accuracy-based
method uses scalar accuracy, offering low overhead and di-
rect alignment with SLOs. The feature-based method extracts
frame embeddings and computes Hellinger distance to detect
drift, explicitly encoding semantic content. To evaluate both
methods, we construct 100 real drift windows (50 seconds
each) randomly distributed within one hour of video as ground
truth. Sensitivity is defined as the proportion of correctly iden-
tified drift windows. Overhead is the average time to compute
the KL divergence of FaaSLearner or the embedding distance
of Gecko. As shown in Tab. III, both methods achieve sensi-
tivity in the range of 0.76–0.81. However, the accuracy-based
method introduces substantially lower overhead, achieving a
2.51× speedup over the feature embedding-based approach.

D. Efficiency of Retraining Planner

To demonstrate the efficiency of Correlation-aware Retrain-
ing Planner (hereafter referred to as Planner), we initially
compare the accuracy recovery times of various continual
learning frameworks. Subsequently, we visualize the impact of
correlations among multiple models on retraining time within
a data drift segment.

Ablation evaluation for Planner. We conduct ablation
studies by integrating it into the baseline and removing it
from FaaSLearner. As shown in the top row of Fig. 17, the
results demonstrate its significant impact: when integrated,
the baselines achieve 1.93× and 1.97× average improvements
in accuracy gain and recovery time, respectively. Conversely,

TABLE III: Comparison of drift detection algorithms in terms
of sensitivity and computational overhead.

Method Model Sensitivity Overhead (ms)

Accuracy-based
ShuffleNet 0.78 40.92
SSD 0.76 40.30

Embedding-based
ShuffleNet 0.81 99.19
SSD 0.78 104.76
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Fig. 18: The comparison of average monetary cost.

removing Planner from FaaSLearner led to a 1.81× decrease
in accuracy gain and a 41% increase in recovery time. This
improvement can be attributed to the Planner’s strategy of
prioritizing models with the highest potential accuracy gain
for retraining, thereby enabling efficient continual learning.

We further perform fine-grained ablations on the internal
components of the Planner, including model selection, sample
selection, and iteration scheduling, as shown in the bottom
row of Fig. 17. In particular, removing model selection causes
the largest drop in accuracy gain, indicating that prioritizing
the most beneficial retraining target is critical for efficient
continual learning. Removing sample selection or iteration
scheduling also reduces performance, showing that sampling
strategy and stopping criterion are both important for balanc-
ing recovery quality and retraining cost.

E. Cost Reduction of Resource Harvesting

To validate the effectiveness of the harvest-centric function
scheduler, we compare the average monetary cost per retrain-
ing under various configurations. Given the similar keep-alive
periods of workloads Steady (High) and Bursty, we select
three representative workloads for analysis: Periodic, Steady
(Low), and Sporadic, with keep-alive periods of 0.53 seconds,
1.22 seconds, and 2.01 seconds, respectively. We perform
simulation experiments using AWS Lambda, a commercial
cloud serverless platform. We test the average monetary cost
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TABLE IV: Fine-grained edge–cloud labeling latency under
different batch sizes. All values are in ms.

Batch Upload Inference Download End-to-end

4 24.48 11.53 6.76 42.77
16 56.40 18.26 8.72 83.38
64 139.06 85.81 8.48 233.35

within 24 hours and obtain the experimental results in Fig. 18
using Eq. 3, where r = 1.67 × 10−6 USD/GB/s. y < 0
indicates the cost saved by harvesting resources, while y > 0
represents the additional cost incurred for retraining, relative
to the default cost constraints B.

As depicted in Fig. 18, the average monetary cost sav-
ings achieved by FaaSLearner increase with the extension
of the keep-alive period. This trend can be attributed to
FaaSLearner’s primary reliance on resources within the keep-
alive period for model retraining, thereby allowing it to harvest
more resources as the keep-alive period lengthens. Specifically,
FaaSLearner achieves cost savings of 33%, 28%, and 143%,
respectively, compared to AI-F, AT-F, and Gecko. Furthermore,
in the more complex ADPP application, Gecko incurs sub-
stantially higher expenditure because more models must be
retrained. Under Periodic and Steady (Low) workloads, AT-F
and AI-F achieve greater cost savings than FaaSLearnerby har-
vesting a larger share of resources. This advantage disappears
under the Sporadic workload.

F. End-to-End Edge–Cloud Overhead

We further evaluate the end-to-end overhead of the edge–
cloud pseudo-labeling pipeline. We use ResNeXt-101 as a
representative golden model, configured with an input reso-
lution of 224×224 and batch sizes of 4, 16, and 64. Table IV
summarizes the average latency of video-frame upload, cloud-
side golden-model inference, pseudo-label download, and the
corresponding end-to-end latency. The results indicate that
cloud-assisted labeling incurs additional but well-bounded
overhead, while maintaining end-to-end latency at the millisec-
ond level. Since data drift is typically gradual and FaaSLearner
uses second-level detection windows, such latency does not
invalidate the retraining signal for subsequent frames within
the same local drift period.

G. Hyperparameters analysis

The hyperparameters α and β. As discussed in Sec. V-A,
the hyperparameters α and β dictate the speed at which
the window size diminishes. We set areq = 0.8 by default
for the system’s drift detection mechanism following [22],
[23]. In addition, we set the maximum detection window size
|wmax| = 50 following AdaInf [7]. Based on Eq. 5, we
can derive the values of parameters α and β by establishing
boundary conditions. Specifically, when the inference accuracy
x = 1, the desired detection window |wk| should approach
its maximum value of 50, meaning the Sigmoid function’s
output approaches 1. Conversely, when the inference accuracy
x = 0.8 (i.e., the constraint areq), the desired window |wk|
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Fig. 19: The analytics of accuracy gain across different appli-
cations and workloads under various correlation thresholds.

should shrink rapidly to near 0, meaning the Sigmoid output
approaches 0. By solving the system of equations formed from
these boundary conditions, we obtain the calculated values
α = 45.95 and β = −41.35.

The correlation threshold λ. We analyze the impact of the
correlation matrix on accuracy gain across different applica-
tions and workloads under various correlation thresholds. As
shown in Fig. 19, the accuracy gain peaks for applications VM,
AMBER, and PART when the threshold is set to 0.3, while
ADPP achieves its optimal performance at a threshold of 0.5.
As the threshold increases from 0.3 or 0.5 to 0.1, only highly
correlated model pairs are selected for retraining, resulting
in limited accuracy gain. Conversely, when the threshold
further increases from 0.3 or 0.5 to 0.9, more model pairs are
considered correlated and included in retraining. This leads to
intensified resource competition under constrained conditions,
which subsequently reduces accuracy gain. Moreover, the
small variation in accuracy gain across different workloads
indicates that the threshold selection is robust to workload
changes by comparing Fig. 19a and 19b. Therefore, we adopt
the threshold that maximizes retraining accuracy gain for
filtering the correlation matrix.

The cost constraint B. We analyze the monetary cost
constraint on average accuracy gain and accuracy recovery
time across different applications and workloads. As illustrated
in Fig. 20, the VM, AMBER, PART, and ADPP applications
achieve their highest accuracy gain when the cost constraint
threshold is set to 1.8, 1.2, 1.2, and 0.6, respectively. While
increasing the threshold reduces the accuracy recovery time,
excessively high thresholds lead to ineffective retraining due to
correlated drift, consequently diminishing accuracy gain. For
more complex applications like ADPP, a lower cost constraint
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Fig. 20: The analysis of cost constraint threshold.

threshold suffices to achieve efficient retraining, owing to the
greater availability of harvestable resources.

VII. RELATED WORK

Continual Learning for Video Analytics. Continual learn-
ing [24], [25] enhances the accuracy of video analytics by con-
tinuously retraining models with new data samples, allowing
them to adapt to the evolving dynamics of video content and
environmental changes. LifeLearner [26] proposes a hardware-
aware meta continual learning on resource-constrained em-
bedded systems that drastically optimizes system resources
while ensuring high accuracy. For detecting data drift, Ada-
Trigger [13] and AdaEvo [20] design keyframe and adaptive
frame sampling strategies, respectively. AdaInf [7] defines
the impact degree of data drift for each model and updates
the directed acyclic graph within a fixed time window (50s).
MOCHA [8] proposes a mobile-cloud collaborative continuous
adaptation framework to combat the degraded performance
during adaptation and delayed reactions to environment shifts.
AVA [27] studies multi-edge collaborative data acquisition for
continuous video analytics, using reinforcement learning to
select informative drift frames across edge nodes to reduce
labeling and retraining costs. Regarding optimizing retraining
strategies, RECL [1] improves continual learning efficiency
by integrating model reuse and model retraining. Ekya [9]
configures resources for retraining and inference through a
scalable scheduler.

Many of the methods mentioned above initially detect
data drift before retraining affected models. However, these
methods do not take into account the correlation impact
between inference and retraining across multiple models. In
contrast, FaaSLearner first detects data drift, then removes
those models that are not sensitive to accuracy improvement
through analyzing the correlation between multiple models,
and finally performs selective retraining, thereby achieving
efficient continual learning.

Serverless Computing for Video Analytics. The server-
less computing [28], [29] provides a detailed, on-demand

resource allocation approach for video analytics. It employs
adjustable parameters for individual operations to enhance
video analytics, such as sampling rate, batch size, and hard-
ware selection. Llama [5] and Charmseeker [30] develop an
automated resource configuration system for distributed com-
puting resources. Wang et. al [31] manage costs by modifying
particular sets of content, models, and resources. Nonetheless,
these frameworks do not emphasize enhancing the accuracy
of applications, particularly in addressing data drift issues. To
tackle the mentioned concerns, Gecko [21] introduces a func-
tion instance to facilitate retraining for models encountering
data drift. Nevertheless, the retraining tasks in Gecko utilize
excessive resources, leading to an imbalance between resource
usage and accuracy.

In contrast, FaaSLearner proposes a harvesting-centric re-
training scheduling strategy to support retraining by harvesting
idle resources in serverless functions, thereby achieving effi-
cient accuracy and resources.

VIII. DISCUSSION

Application Service-Level Objectives. We set a default
accuracy constraint of 0.8 for drift detection, following prior
work [22], [23]. This level delivers useful results in real-time
video analytics while allowing room for efficient retraining,
and users can adjust it as needed. For memory, we assign
a default allocation of 2GB of memory resources to each
serverless function. This allocation ensures the stable operation
of most deep learning models during inference.

The Impact of Data Drift Types on Detectors. Due
to the high similarity between video frames, data drift is
typically characterized as gradual drift [8], [1], [21], [7].
FaaSLearner is primarily designed to address gradual drift.
Nonetheless, the architecture of FaaSLearner is sufficiently
flexible to adapt to other types of data drift by updating the
distribution functions and detection frequency within the data
drift detector. For instance, in response to sudden drift [20],
FaaSLearner dynamically adjusts the hyperparameters α and
β to enhance the sensitivity of detection, thereby enabling a
swift response to abrupt changes in data distribution.

Addressing Catastrophic Forgetting in FaaSLearner.
Catastrophic forgetting in continual learning has been exten-
sively studied in prior work [32], [33]. These techniques focus
on preserving historical knowledge during continual updates.
FaaSLearner addresses a different problem: when and which
model to retrain under constrained resources. Its objective
is to restore accuracy to the required SLO level as quickly
as possible under a given budget. Therefore, FaaSLearner is
orthogonal to catastrophic-forgetting mitigation methods and
remains compatible with them as future extensions.

Cloud-assisted Pseudo Labeling. Cloud-side inference
with a golden model handles short-term drift but incurs
persistent latency, bandwidth, and data-exposure costs un-
der long or frequent drift, violating edge SLOs. Hence, in
FaaSLearner, the golden model provides only pseudo labels
for edge-side retraining, not online inference. Additionally,
while golden-model labels are generally accurate, imperfect
pseudo labels may still appear in long-term deployments and
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may accumulate errors during continual updates. Existing
confidence-based filtering methods [34] can be seamlessly
integrated into FaaSLearner as a retraining-data preparation
step between golden-model pseudo labeling and edge-side
retraining, mitigating this risk by selecting only pseudo-labeled
samples whose golden-model confidence exceeds a predefined
threshold. We leave the systematic design and evaluation of
confidence-aware pseudo-label selection as future work.

IX. CONCLUSION

In conclusion, FaaSLearner provides a framework that not
only maintains high accuracy in the face of data drift but also
optimizes resource usage. By selectively retraining models
based on their correlation in the multi-model application
and leveraging idle serverless resources, FaaSLearner deliv-
ers a sustainable solution for video analytics. Furthermore,
we conduct comprehensive evaluations of FaaSLearner us-
ing real-world datasets to assess its performance in multi-
model applications. The experimental results demonstrate that
FaaSLearner outperforms state-of-the-art approaches, achiev-
ing significant accuracy improvements while enhancing re-
source efficiency by reusing otherwise idle keep-alive memory
resources for retraining.
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