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Trident: A Provider-Oriented Resource Management
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Abstract—Serverless computing has become increasingly popu-
lar due to its flexible and hassle-free service, relieving users from
traditional resource management burdens. However, the shift in
responsibility has led to unprecedented challenges for serverless
providers in managing virtual machines (VMs) and serving hetero-
geneous function instances. Serverless providers need to purchase,
provision and manage VM instances from IaaS providers, aiming
to minimize VM provisioning costs while ensuring compliance with
Service Level Objectives (SLOs). In this paper, we propose Trident,
a provider-oriented resource management framework for server-
less computing platforms. Trident optimizes three major server-
less computing provisioning problems for serverless providers:
workload prediction, VM provisioning, and function placement.
Specifically, Trident introduces a novel dynamic model selection
algorithm for more accurate workload prediction. With the pre-
diction results, Trident then carefully designs a hierarchical re-
inforcement learning (HRL)-based approach for VM provisioning
with a mix of types and configurations. To further improve resource
utilization, Trident employs an effective collocation placement
strategy for efficient function container scheduling. Evaluations on
the Azure Function dataset demonstrate that Trident maintains the
lowest probability of violating SLOs while simultaneously achiev-
ing substantial cost savings of up to 71.8% in provisioning expense
compared to state-of-the-art methods from industry and academia.

Index Terms—Serverless computing, VM provisioning, hier-
archical reinforcement learning, workload prediction.

I. INTRODUCTION

S ERVERLESS computing emerges as a new cloud comput-
ing paradigm that provides users with scalable and flexible

cloud service [1], [2]. In serverless computing, developers can
decompose monolithic applications into fine-grained functions
with simplified logic, paying only for function invocations.
Serverless providers then pack users’ codes into runtime in-
stances (e.g., containers) for request handling and task execution.
Serverless computing has been extensively offered by major
cloud providers including AWS [3] and Azure [4], as well as
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the open-source community, such as Apache OpenWhisk [5]
and Fission [6].

The paradigm shift from traditional Infrastructure-as-a-
Service (IaaS) [7] to serverless computing has transferred the
responsibility of resource management entirely to serverless
providers. Different from traditional cloud providers, server-
less providers may not possess rack servers or enough rack
servers to provide serverless computing [8], [9]. It’s a com-
mon practice for them to acquire the necessary computational
resources (i.e., VMs) from internal IaaS departments or exter-
nal IaaS providers, in a rental model [9]. These resources are
provisioned and managed based on the serverless functions’
requirements and the promised Service Level Objectives (SLOs)
to customers. The scale, type, and duration of these resource
usage determine the incurred expenses, which have to be covered
by the serverless providers.

To reduce costs and guarantee the promised SLOs, server-
less providers should achieve three goals in resource manage-
ment [10]. First, accurate workload prediction is beneficial [11].
Although it is not essentially a necessity, it might help in pro-
visioning just the right amount of resources at the right time.
Second, cost-effective and SLO-guaranteed VM provisioning
is essential [12]. Serverless providers must select appropriate
VMs and provision the correct number to reduce provisioning
costs while meeting the promised SLO. Third, resource-efficient
function placement is crucial [13]. Serverless providers must
place function containers in provisioned VM instances in a
manner that fully utilizes the available resources.

Although previous literature has studied these three aspects,
they do not fully achieve the three primary goals in server-
less computing. First, existing resource management systems
typically rely on a single off-the-shelf prediction model [14],
[15], [16] for workload prediction, leading to inaccurate pre-
diction results as we identified. It will cause either high-cost
overprovisioning or SLO-violated underprovisionng. Second,
their provisioning methods fail to handle the dynamics and
complexity of mixed VM provisioning with different types1

and configurations.2 They either consider a simplified provi-
sioning scenario with fixed VMs [15], [17], unable to explore
cost-saving provisioning policies, or involve high-complexity
heuristics [18] or solver-based optimization [14] with poor
scalability and performance. Third, existing frameworks pay
little attention to the placement of function containers and resort
to naive placement heuristics, which can cause severe resource
fragmentation and incur additional provisioning costs.

1VM type refers to the classification of the VM such as spot or on-demand.
2Configuration refers to the number of CPU cores and memory of the VM.
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In this paper, we propose Trident, a provider-oriented resource
management framework for serverless computing platforms. We
conduct a thorough data analysis to distill several key insights,
and design three modules correspondingly to optimize serverless
resource management. First, we find that the selection of the best
model for serverless workload prediction exhibits short-term
consistency. Additionally, workload sequences, e.g., memory
consumption over a certain period, that favor the same model
tend to have higher pattern similarity measured by dynamic time
warping (DTW) distances. Based on these insights, we introduce
a novel model selection module that dynamically selects the
best model for each workload sequence. It features a novel
triplet buffer to store recent and valuable model selection results,
and leverages DTW distance between workload sequences for
efficient model selection.

Second, we identify an opportunity for reliable and cost-
effective VM provisioning through a combination of spot and
on-demand VMs. However, the dynamic nature of spot VMs and
serverless functions, together with the complexity of VM combi-
nations, make such mixed VM provisioning rather challenging.
We observe a significant frequency gap between the dynamics
of spot VMs and those of serverless functions, which enables an
elegant decomposition of the provisioning problem. Inspired by
this, we incorporate a VM provisioning module to select a mix of
VM types and configurations intelligently. A novel hierarchical
reinforcement learning (HRL)-based algorithm is proposed to
jointly solve the VM selection problem and VM number scaling
problem.

Third, we find that by collocating functions with complemen-
tary resource demand, the resource utilization can be increased to
save cost. To this end, we design a simple yet effective greedy ap-
proach for function placement. It jointly considers the resource
demand of serverless functions and the capacity of provisioned
VMs, collocating resource-complementary functions into VMs
with similar CPU-to-memory ratios. It helps mitigate resource
fragmentation and avoid unnecessary provisioning costs.

The main contributions of this paper are summarized as
follows:
� We conduct extensive data analysis and distill insights

about workload prediction and mixed VM provisioning for
serverless functions. We identify the shortcomings of ex-
isting resource management systems in handling serverless
workloads.

� Given these limitations, we design and implement Trident,
a provider-oriented system that optimizes end-to-end re-
source management for serverless computing. It features
a dynamic model selection algorithm for more accurate
workload prediction, an HRL-based approach for mixed
VM provisioning, and an effective function collocation
placement algorithm for function placement.

� Experiments on real-world datasets show that our system
reduces the cost by up to 71.8% while achieving the lowest
SLO violations probability, under 3%, compared to state-
of-the-art industrial and academic solutions.

The rest of the paper is structured as follows: Section II
introduces the background of serverless computing and the exist-
ing resource management framework. Section III presents data
analysis, motivation and insights. Section IV describes the de-
tailed design of Trident. Section V presents the implementation
and evaluation results of our system on a real-world serverless
and VM dataset. Section VI introduces the related work.
Section VII concludes the whole paper.

II. BACKGROUND AND EXISTING WORK

A. Background

1) Serverless Computing: Serverless computing is a cloud
model that abstracts infrastructure management, letting develop-
ers focus on code while providers handle provisioning, scaling,
and maintenance, billing only for actual execution time [9].
Serverless computing enhances flexibility, cost-efficiency, and
scalability, making it an appealing solution for event-driven ap-
plications, microservices architectures, and dynamic workloads.
This model has gained significant adoption in recent years [3],
[4], [19] due to its simplicity, rapid deployment capabilities, and
the ability to handle fluctuating workloads efficiently. A wide
range of applications, such as video processing [20], machine
learning [21], and algebraic operations [22], have been taking
advantage of serverless computing to improve performance and
reduce cost.

2) Resource Management: A Serverless Provider’s View: In
serverless computing, satisfying the promised SLOs and reduc-
ing cost are major concerns for serverless providers. To serve
customers’ functions, they may purchase computing resources
from internal IaaS departments or external IaaS providers,
managing and optimizing these resources to ensure both cost
efficiency and performance reliability. For example, in Microsoft
Azure, Azure Functions purchases VM instances from the in-
ternal IaaS department of Azure [9], including regular VMs or
surplus (e.g., Spot or Burstable) VMs, depending on availability
and cost.

Serverless providers need to achieve three goals in resource
management to satisfy the promised SLOs and reduce the
provisioning costs [10]. First, accurate workload prediction is
required [11] [10]. This involves forecasting the future volume
of requests or resource demands. An accurate prediction allows
serverless providers to better understand the load and effectively
determine the number of resources (i.e., VMs) needed to han-
dle incoming traffic, preventing both under-provisioning and
over-provisioning, which can lead to performance degradation
or unnecessary costs.

Second, cost-effective and SLO-guaranteed VM provisioning
is essential [12]. With an accurate workload forecast, providers
need to ensure that VM provisioning not only meets the perfor-
mance requirements defined by the SLOs but also minimizes
costs. This can involve strategies such as selecting the right
instance types, optimizing resource allocation, and utilizing
auto-scaling mechanisms to match resource supply with demand
dynamically.

Third, resource-efficient function placement is crucial for
optimizing the use of available resources [13]. Once the required
number of VMs is determined, it is essential to efficiently place
the functions across the available instances, considering factors
like load balancing and resource utilization. By optimizing the
function placement, providers can further reduce costs while
maintaining high performance.

As resource management directly influences both the cost and
performance of serverless computing, it is crucial for serverless
providers to build a cost-effective and SLO-compliant resource
management framework that achieves all of the three goals.

B. Existing Resource Management Frameworks

Resource management for cloud workloads has been exten-
sively studied in previous literature. AWS officially provides
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Reactive Scaling [17] and Prediction Scaling [16] for cloud
workloads. The former scales resources based on predefined
thresholds and real-time metric monitoring. The latter uses ma-
chine learning models (e.g., DeepAR [23]) to predict workloads
for resource scaling. TData [24] uses ARIMA and TBATS [25]
for flow prediction and autoscaling of Flink jobs. SpotWeb [14]
applies cubic spline regression for workload prediction and opti-
mizes VM purchasing based on multi-period portfolio theory. A
few works leverage reinforcement learning (RL) to learn policies
from the dynamic cloud environment [12], [26]. FIRM [26]
uses Deep Deterministic Policy Gradient (DDPG) to allocate
resources for microservices. Snape [12] uses constrained RL
and dynamically mixes on-demand and spot VMs of the same
configuration.

Unfortunately, we find that existing systems fail to achieve the
three major goals of serverless resource management: accurate
workload prediction, cost-effective and SLO-guaranteed VM
provisioning, and resource-efficient function placement. Their
limitations will be identified and discussed in the next section
through thorough data analysis.

III. DATA ANALYSIS, MOTIVATION AND INSIGHT

In this section, we conduct thorough data analysis on existing
datasets. We reveal issues of existing resource management
systems and distill key insights for the three critical parts of
serverless resource management, namely workload prediction,
VM provisioning, and function placement. We use the Azure
Function dataset [10] to perform workload prediction and ana-
lyze the running characteristics of serverless functions. It records
the serverless workloads at minute granularity of more than
40,000 functions for two weeks in July 2019. We analyze the
characteristics of one popular VM type, spot VM, by investigat-
ing its price and eviction rate using the Spot VM dataset [14]. It
records the price and eviction rate changes of 58 VMs for nearly
3 months.

A. Workload Prediction

We investigate the performance of four representative work-
load prediction models, including two statistical models,
ARIMA and TBATS, a machine learning model, Support Vec-
tor Regression (SVR) [27], an LSTM-based model, DeepAR
(DAR) [23], and an ensemble method, XGBoost (XGB) [28].
They are either representative models for time series pre-
diction or deployed in industrial cloud platforms. From a
serverless provider’s perspective, we focus on overall resource
demand rather than per-function request counts [29], [30] for
two reasons: predicting requests for many functions incurs high
overhead, and aggregated workload prediction is more robust
and accurate [31]. Consequently, we aggregate all functions’
workloads using the ”AverageAllocatedMb” field of the Azure
Function dataset and obtain the overall memory usage. We
segment the entire timeline into prediction points at three-minute
intervals, a common VM startup time for mainstream IaaS
providers [32]. At each prediction point, we are given a 30-
minute historical workload sequence to predict future memory
usage for 15 minutes. As serverless providers periodically provi-
sion resources according to the workload prediction for the next
period [16], we analyze fine-grained prediction performance at
each prediction point, namely sequence-level prediction. Our
main discoveries are summarized as follows:

Issue. Relying on a single model causes inaccurate workload
prediction: Existing resource management systems typically
rely on a single off-the-shelf prediction model [15]–[17], leading
to inaccurate prediction results on predicting the everchanging
serverless workloads. Fig. 1(a) shows the normalized mean
square error (MSE) at sequence level prediction of four models.
We normalize the MSE to [0,1] for comparison purposes. We find
that the best model at different prediction points varies. There
is no ”golden model” that is always the best. In Fig. 1(b), we
compare the overall prediction performance on the whole dataset
between four models and an ”oracle” method that selects the
best prediction (i.e., prediction with the lowest MSE) from four
models at each prediction point. We can see that the prediction
error of the worst single model (SVR) is about 3 times of the
oracle method, and 1.5 times even for the best single model
(ARIMA).

Insight 1. The selection of the best model shows short-term
consistency: Although the best model changes over time, we
find that it remains unchanged over certain periods, exhibiting
short-term consistency. For example, at the first 20 points, two
statistical models perform much better than the other two mod-
els. Then, SVR achieves a lower prediction error from the 25th
to 45th prediction point. Afterward, DeepAR dominates from
the 50th to 80th prediction point.

Insight 2. Workload sequences that favor the same model
tend to have higher similarity measured by Dynamic Time
Warping (DTW) distances: We also find that simply relying
on short-term consistency for model selection is not enough.
There are situations where the selection of the best model
shows little short-term consistency. For example, the best model
varies from the 45th to the 50th and from the 20th to the 25th
prediction point. We notice that in addition to the temporal
relation between the prediction points, another valuable piece of
information is the similarity in workload sequences. To further
obtain insights about model selection, we group the history
workload sequences by their corresponding best model. We
calculate the average of DTW distance [33] between each pair
of workload sequences within group g using the following
formulation:

DTW g
avg =

∑
1≤i<j≤G DTW (yi, yj)

G(G− 1)
, (1)

where G is the size of group g, yi and yj are two different
workload sequences in g. The DTW distance is a powerful metric
to measure the similarity between two time series. Compared to
the simple Euclidean distance, DTW distance is more suitable
for time series as it can consider both temporal alignment and
shape variations, and is more robust to noise. Formally, the DTW
distance between two sequences y1 and y2 with length K is
defined as follows :

DTW (y1, y2) = min
W

K∑

k=1

δ(wk), (2)

where δ is a distance measure between two elements (e.g., Eu-
clidean distance) and W = [w1, . . ., wp] is a warping path that
aligns the elements of y1 and y2. We also calculate the average
of DTW distances between each pair among all sequences (the
red line in Fig. 1(c)), and normalize all the distances by it for
comparison purposes. As shown in Fig. 1(c), the sequences
within the same best model group have a smaller average DTW
distance than that of the whole sequence set. It indicates that
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Fig. 1. The performance of different workload prediction models (ARIMA, TBATS, SVR, DAR and XGB) on Azure Function dataset. ”Oracle” is the method
that can select the best model at each prediction point. ”All Sequences” refers to the average DTW distances among all workload sequences.

Fig. 2. Spot VM’s running characteristics and serverless function invocations.

TABLE I
DETAILS ABOUT THREE VMS IN FIG. 2

different models may be better at handling workload sequences
of specific patterns. This makes DTW an appropriate choice to
find the best prediction model.

B. VM Provisioning

We introduce and investigate spot VM, a popular type of VM
considered a promising choice for serverless computing [9]. It
is offered at a 70-90% lower price than on-demand VM but may
suffer from eviction [14]. Before the eviction, the spot instance
will receive an eviction message and is given a grace period
(typically 30 seconds) to terminate the running workload. Our
main discoveries are summarized as follows:

Insight 1. Mixed VM provisioning is necessary for cost-
effective and SLO-guaranteed serverless computing: Fig. 2(a)
and (b) show the unit price and eviction rate of three c5 spot VMs
from Amazon Cloud. The unit price is computed by dividing the
VM’s actual price by its resource count. The detailed information
about these VMs is listed in Table I. As we can infer from these
two figures, there is no such VM of the c5 configuration family
that is always the cheapest or most reliable over time. Note that
the VMs of other families share the same discovery above. The
dynamic properties of spot VM require us to adjust the selection
of VMs, specified by their type and configuration combinations,
in a timely manner for cost-saving and SLO-guaranteed VM

provisioning. Further more, to mitigate the unreliability and
potential SLO violations caused by the eviction, expensive on-
demand VMs are still indispensable for serverless providers.
Consequently, mixed VM provisioning with both is necessary
to achieve cost-effective and SLO-guaranteed serverless com-
puting.

Issue. Existing methods fail to handle the dynamics and
complexity of mixed VM provisioning: Most existing resource
management frameworks use simple provisioning strategies that
adjust the number of VMs with fixed types and configura-
tions [12], [17], [26]. These straightforward approaches often
result in high costs and resource wastage due to the varying
resource requirements of different functions. Although several
studies [14], [18] have considered incorporating heterogeneous
VMs, their methods involve high-complexity heuristics [18] or
solver-based optimization [14] with poor scalability and perfor-
mance. Consider a typical VM provisioning scenario in which
the number of n distinct VMs is scaled at each time step. The
search space for VM provisioning is mn, where m represents
the possible VM scaling actions (e.g., increasing or decreasing
the number of VMs by a certain percentage [15]). As current
IaaS providers offer tens or even hundreds of distinct VMs [34],
the search space can become too large to be managed by existing
frameworks.

Insight 2. Frequency gap between the dynamics of functions
and spot VM helps decompose the problem:

We next investigate the function invocation patterns in the
Azure Function dataset and the dynamics of spot VM jointly.
Comparing Fig. 2(a), (b) and (c), we can see that while the price
and eviction rate of spot VM varies by hours [34], serverless
workloads fluctuate at a more granular level, often changing in
minutes or even mere seconds [4]. Since the price and eviction
rate of a VM remains stable for relatively a long period, a
selection of VMs can be well-suited or even optimal in this
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Fig. 3. A simple example of function placement with two different strategies,
namely First-Fit and Collocation Placement. ”C” is short for CPU cores, ”M” is
short for GBs of memory.

period and we only need to make scaling decisions on the
selected VMs to serve serverless invocations. Assume we select
v VMs for a relatively long period (e.g., 1 h). As we fix the
selection of VMs, the search space of the original problem at
each time step can be reduced to mv because we only need to
adjust the number of v VMs. Though preserving the same order
as the previous case, such a reduction could be huge in practice
if v is much smaller than n.

C. Function Placement

We discuss the significance of resource-efficient function
placement for serverless computing using a simple illus-
trative example. Our main discoveries are summarized as
follows:

Issue. Ignoring function placement leads to low resource
utilization, causing unnecessary cost or SLO violations: Most
existing resource management frameworks resorts to naive
placement strategies [12], [14], [26]. We use a simple illustrative
example to show the inefficiency of such a naive placement
strategy, as presented in Fig. 3. Assume we have two VMs,
one with 2 CPU cores and 5 GB of memory, the other with
2 CPU cores and 6 GB of memory. Note that, in practice, all
VM instances could have reserved enough resource headroom to
avoid potential performance degradation. The serverless work-
load consists of three functions, namely F1, F2 and F3, with
their resource demands placed at the bottom left of the figure.
A commonly-used First-Fit strategy would place the function
in a sequential order (e.g., F1, F2, and then F3) onto the VM
instance that is first found to have enough resources. With that,
we can only achieve 75% CPU utilization and 64% memory
utilization. Although the total amount of resources is equal
with the demand, the workload of F3 can not be served due
to resource fragmentation. Under this situation, the serverless
providers either need to provision resources with extra cost, or
compromise with SLO violations.

Insight. Collocating resource-complementary functions can
increase resource utilization: The naive First-Fit approach fails
to efficiently utilize the resource because it’s agnostic to the
heterogeneous resource demand of serverless functions and the
resource capacity of VMs. Thus, we introduce a new collocation
placement method that jointly considers the functions and provi-
sioned VMs, as presented at the bottom right of Fig. 3. We iden-
tify that F1 and F3 are resource-complementary in terms of VM
1, since collocating them achieves an identical CPU-to-memory
ratio (i.e., 2 / 5= 0.4) with VM 1. Consequently, we place F1 and
F3 in VM 1, and F2 in VM 2. As a result, we increase the resource
utilization of both CPU and memory to 100%, and serve all

Fig. 4. System overview of Trident.

TABLE II
IMPORTANT NOTATIONS AND SYMBOLS

the serverless workloads without introducing extra provisioning
costs or causing SLO violations.

IV. THE TRIDENT FRAMEWORK

A. System Overview

Fig. 4 provides an overview of our proposed framework,
Trident. It consists of three main components: (1) Workload
prediction module, which periodically takes the historical work-
load sequence from the system monitor and selects the best
model for predicting future workloads. (2) VM provisioning
module, which takes a vectorized system state from the state
aggregator and uses an HRL-based provisioner to generate VM
provisioning decisions. (3) Function placement module, which
runs a collocation placer to collocate the function container
into pairs for higher resource utilization and place them on the
provisioned VMs. Users can send function invocations through
the gateway, which triggers the container creation process. Im-
portant notations and symbols are presented in Table II.
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B. Dynamic Model Selection for Serverless Workload
Prediction

As we’ve identified in Section III, the best model for serverless
workload prediction varies over time. To improve the prediction
accuracy, we propose a dynamic model selection algorithm. It se-
lects a specific prediction model based on the historical workload
sequence at each prediction point. As presented in Algorithm 1,
our model selection method consists of two procedures, one is
model selection when the prediction point arrives, and the other
is buffer updating when the actual future workload of a historical
sequence is available.

The design of our algorithm is guided by two main insights:
(1) The best model within a short period tends to stay unchanged
(short-term consistency). (2) The sequences that favor the same
model have a closer DTW distance. Insight (1) inspires us
to leverage recent model selection results for current model
selection. Thus, we use a bufferB of lengthL to store recent and
representative model selection results. Considering the limited
buffer capacity, we design a score-based buffer management
algorithm to update the buffer. We let the buffer store triplets in
the form of 〈sequence,model, score〉. Each triplet records the
best prediction model for a specific workload sequence, and a
score. The score measures the universality of such sequence-
model matching and its staleness for the current system. For
example, 〈{1, 2, 3, 4}, ARIMA, 5〉, indicates the best predic-
tion model for workload sequence {1, 2, 3, 4} is ARIMA with a
score of 5. The updating process of our buffer is introduced as
follows:

Buffer updating: As time progresses, the ground truth e′ for
predicting a historical sequence e will become available. When
it’s obtained, we run all models in parallel to predict e and select
the one with the lowest MSE as f ′ (line 3). Next, we retrieve
the triplet τ used previously to assist in model selection for e
(details will be introduced in the model selection procedure).
If the best model f ′ aligns with the model in τ , it implies
that the selection possesses considerable referential significance.
Consequently, the score of the τ will be incremented by l to
reflect this heightened relevance. Otherwise, τ is considered as
a misleading term and its score will be reduced by l (lines 4–8).
We remove the triplet with the lowest score when the buffer
is full (line 9) and add a new triplet into the buffer with score
initialized as L (line 10).

Insight (2) further inspires us to leverage DTW distance
between current sequence and historical sequences in the buffer
for model selection. Combining the triplet buffer, we design the
next procedure of our algorithm, namely model selection, and
introduce it as follows:

Model selection: At each prediction point, we receive cur-
rent workload sequence e that records the workload changes
of the previous time window. To select the prediction model,
we calculate the similarity between the current workload se-
quence and all sequences in the buffer using the DTW distance.
We next choose the triplet that contains the sequence with the
lowest DTW distance (line 13) to assist our model selection.
If the DTW distance between these two sequences is within a
threshold d′, we select the corresponding model recorded in the
triplet to predict the future workload of the current workload
sequence. Otherwise, we adopt the same selected model of the
closest available prediction point in the past (lines 14–18). At
the end, we subtract the score of each triplet by 1 to deduce their
staleness. (lines 19–21)

Algorithm 1: Model Selection for Workload Prediction.
Input: Triplet buffer B, model candidates F , DTW
distance threshold d′, sequence e.
Output: Best prediction model f .
1: Procedure: Buffer updating
2: Obtain ground truth e′ and previous used triplet τ .
3: Select model f ′ = argminf MSE(f(e), e′), f ∈ F .
4: if τ.model = f ′ then
5: τ.score = τ.score+ l
6: else
7: τ.score = τ.score− l
8: end if
9: Pop the triplet with the lowest score.

10: B.append((e, f ′, L)).
11:
12: Procedure: Model selection
13: Select triplet

τ = argminτ DTW (τ.sequence, e), τ ∈ B
14: if d < d′ then
15: f = τ.model
16: else
17: f = f ′
18: end if
19: for all τ in B do
20: τ.score = τ.score− 1
21: end for

Our model selection algorithm has two key features. First,
low time complexity. For the buffer updating procedure, running
inference on all models (line 3) is bottlenecked by the slowest
model with max time complexity ofO(|e′|) [35]. Our experiment
shows that existing typical prediction models take less than 0.1s
to infer. Selecting the model with the lowest MSE takes O(|F |),
where |F | is size of model set F . Popping the triplet with the
lowest score takes O(L) (line 9). Thus, this procedure takes at
most O(L+ |F |+ |e′|). For the model selection procedure, it
takes O(L|e|) to find the triplet that contains the sequence with
lowest DTW distance (line 2), since the FastDTW algorithm [36]
only takes O(|e|), where |e| is the length of the sequence e.
Next, it takes O(L) to update the score of each triplet in the
buffer. Thus, this procedure only takes O(L|e|). Second, high
generalization ability to models and workload sequences. Our
algorithm selects the best model solely based on models’ past
performance and the workload sequences. It doesn’t rely on any
model-specific information (e.g., model architecture) or assume
specific workload patterns. It can be generalized to any workload
prediction model and dynamic workload sequences.

C. Hierarchical Reinforcement Learning for Mixed VM
Provisioning

1) Important Definitions: Our VM provisioner adopts a
mixed VM provisioning strategy and acquires a combination
of VMs with different types (spot and on-demand) and configu-
rations (CPU and memory) to serve the later user requests. For
serverless providers, the goal is to satisfy the SLOs of serverless
workloads while optimizing the provisioning costs. We formally
introduce several important definitions for serverless VM pro-
visioning. Assume we have N functions and M different VMs.
The first definition is the provisioning costs ct that the serverless
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providers need to pay the IaaS providers:

ct =

M∑

m

xt
mptm, (3)

where xt
m denotes the number of VM m provisioned at time t,

ptm is the price of m at time t.
The second definition is the achieved SLO, which is defined

using the following equation:

st =
1

N

∑

n

gtn
qtn

, (4)

where gtn denotes the number of invocations for function n
served without delay3 at time t, qtn denotes the total number
of invocations arrives for function n at time t. The SLO defined
in (4) represents the average percentage of the requests served
without delay caused by insufficient resources or VM eviction.
This metric also indirectly reflects end-to-end latency, as higher
latency typically corresponds to a lower st. We avoid using
end-to-end latency [37] as the SLO due to its impracticality. In
large serverless platforms, functions vary in execution times and
latency sensitivities, leading to diverse and often unmanageable
latency targets [13]. Moreover, neither providers nor users can
define reasonable targets for all functions. In contrast, the SLO
in (4) enables more effective resource management despite such
heterogeneity.

With the above definitions, we formally introduce our VM
provisioning problem, which makes online provision decisions
to achieve the promised SLO while reducing cost. Our problem is
an online decision-making problem involving unknown server-
less workload, VM price, and VM eviction rate. What’s more,
the SLO is affected by not only the provisioning decisions but
also the placement of functions. Thus, to analyze its complexity,
we make the following two simplifications to our problem: (1)
We assume an offline scenario with pre-known workload and
the properties of spot VM, including its price and eviction rate.
(2) We ignore the potential resource fragmentation and uses
the resource-to-demand ratio to approximate the achieved SLO
for simplicity. With those, we formulate our VM provisioning
problem as follows:

min Cost =
T∑

t

M∑

m

xt
mptm (5)

s.t.
1

T

∑

t

∑
m xt

mramvtm
wt

a

≥ S (6)

1

T

∑

t

∑
m xt

mrbmvtm
wt

b

≥ S (7)

xt
m ∈ N, ∀m, t (8)

where ram and rbm are the CPU and memory capacity of VM m
respectively, vtm is the eviction rate of VMm at time t,wt

a andwt
b

are the total CPU and memory demand of workloads at time t,
respectively, and S is the SLO target promised by the serverless
provider. Constraints (6) and (7) ensure the SLO is achieved

3A serverless invocation will be delayed for the following two reasons: (1)
No free container is available to serve it. (2) It fails to complete within the grace
period after its host VM instance is evicted.

by enforcing a certain resource-to-demand ratio. However, even
such a simplified offline version of our provisioning problem is
still an NP-hard integer linear programming problem (ILP) [38].

2) Motivation for a HRL-Based Solution: The above analysis
reveals that even in an idealized offline scenario, our VM provi-
sioning problem remains an NP-hard computational complexity
challenge. In real-world production, the challenge intensifies
due to dynamic factors such as bursty workloads, fluctuating spot
properties, and resource fragmentation from function placement.
This complexity renders traditional approaches, like heuristics
and rule-based strategies [3], [18], ineffective, as they rely
on static assumptions and lack adaptability. They also require
extensive expert tuning, limiting scalability and deployment.
Classical optimization techniques, such as solvers or convex
methods [14], lack the flexibility to respond timely to non-
stationary, multi-scale workloads. While DRL algorithms like
DDPG [39] and PPO [40] show promise in learning adap-
tive provisioning policies [26], [41], [42], they struggle in
large, high-dimensional action spaces, such as selecting VM
types, configurations, and counts [43].

Recall that in Section III-B, we identify that our VM provi-
sioning problem can be solved efficiently by decomposing it into
two hierarchical sub-problems, namely VM selection and VM
number scaling. Driven by this architecture and deficiency of ex-
isting methods, we leverage the current state-of-the-art HRL [44]
to solve these two sub-problems efficiently. HRL follows the
idea that a task can be more effectively learned and accomplished
by breaking it down into a series of subgoals or subtasks. A
subtask itself may also be formulated as a Markov Decision Pro-
cess (MDP) and solved using a standard reinforcement learning
algorithm. HRL has proven its superiority in practical problems
like goods delivery [45] and task offloading [46]. It offers a
promising solution to our mixed VM provisioning problem.

3) HRL-Based VM Provisioner: In this part, we propose our
hierarchical reinforcement learning (HRL)-based VM provi-
sioner. Following the common practice in RL-based methods to
express constraints [15], [47], we define a utility function as the
weighted sum of the provisioning costs and the SLO violation,
and express it as follows:

ut = ct + αmin(0, st − S), (9)

where α is a weight factor adjusting penalty of SLO violations.
Our algorithm employs a higher-level agent to address the

VM selection problem over a long-term horizon, and multiple
lower-level agents to handle the VM number scaling problem
at fine-grained time steps. The design of the higher-level and
lower-level agents is described as follows:

Higher-level Agent Design: As the price and eviction rate
of spot VM change much more slowly than the serverless
function, we design a higher-level agent to select VMs with
appropriate types and configurations for a relatively long period.
We discretize the timeline into multiple fixed periods p. The
higher-level agent acts at the beginning of each period to solve
the VM selection problem. The MDP for the higher-level agent
is defined as follows:
� Episode: The entire timeline P .
� State ohp : Current VM number, information of each VM

(eviction rate, CPU and memory configuration, and price),
predicted workload, previous utility.

� Action ahp : Select K VMs for provisioning.
� Reward rhp : The sum of the utility in period p.
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Algorithm 2: HRL-Based VM Provisioner Training.
Input: Initial higher-level policy, lower-level policy, and
number of training episodes E.
Output: Updated higher-level policy and lower-level
policies.
1: Initialize replay buffer bh for higher-level agent, and

replay buffers for lower-level agents [bl1, b
l
2, . . ., b

l
K ]

2: for episode e = 1, 2, . . ., E do
3: Observe the initial higher-level state oh1 .
4: for p = 1, 2, . . ., P do
5: Select higher-level action ahp = π(ohp).
6: Observe new higher-level state ohp+1.
7: Observe lower-level states [ol1,1, .., o

l
1,K ]

8: for t = 1, 2, . . ., T do
9: Select lower-level action [alt,1, . . ., a

l
t,K ].

10: Observe lower-level new state [olt,1, .., o
l
t,K ].

11: Obtain lower-level reward [rlt,1, . . ., r
l
t,K ].

12: Store transition (olt,k, a
l
t,k, r

l
t,k, o

l
t+1,k) in blk.

13: Update each lower-level agent using DQN.
14: end for
15: Obtain the higher-level reward rhp .
16: Store transition (ohp , a

h
p , r

h
p , o

h
p+1) in bh.

17: Update higher-level agent using PPO.
18: end for
19: end for

After the higher-level agent selects VMs for the next period,
we determine the initial count for each selected VM, as they may
differ from the previous period. We first retain the VM counts
from the prior selection. For newly selected VMs, we match them
to previously selected ones with the closest memory-CPU ratio
and calibrate their provisioning to ensure consistent resource
allocation.

Lower-level Agents Design: We assign each selected VM k
a lower-level agent to adjust its quantity. Given the frequent
fluctuations in serverless workloads, each period p is further
divided into T fine-grained time slots, where lower-level agents
operate. These agents dynamically scale the number of selected
VMs K as determined by the higher-level agent. The MDP for
the kth lower-level agent is defined as follows:
� Episode: An entire period p with T time slots.
� State olt,k: VM number, information of kth selected VM,

previous utility, predicted workload.
� Action alt,k: Adjust the VM number by a%, a ∈
{alow, . . ., 0, . . ., aup}.

� Reward rlt,k: Utility of current time slot t.
The detailed workflow of our HRL-based VM provisioning

is illustrated in Fig. 5. At the beginning of each long period, the
higher-level agent (red) selects K VMs based on the informa-
tion of all available types. During this period, each lower-level
agent (blue) adjusts the number of its assigned VM at each
fine-grained time slot. The two levels cooperate hierarchically
to meet the SLO while minimizing costs. Although theoretically
our problem can be addressed with classical RL algorithms (e.g.,
PPO [40]) by exploring both VM selection and VM autoscaling
simultaneously, these approaches often fail in a large action
space. Empirically, we find that PPO without decomposition

Fig. 5. HRL-based mixed VM provisioning.

incurs 2.5 times of provisioning cost and 4.4 times of SLO
violation rate compared to HRL due to the massive action space.

In real-world scenarios, both the VM selection and VM num-
ber scaling can introduce latency, which mainly arises from the
time required for decision-making and the operational overhead
involved. In terms of decision-making latency, we lately will
show that our method incurs negligible millisecond-level delays.
For operation overhead, this form of latency can be effectively
mitigated by letting the HRL agents make the predictive decision
beforehand for pre-allocation [15]. The extent of this prelimi-
nary allocation can be dynamically adjusted to suit providers’
computing clusters.

The training procedure of our HRL-based provisioner is pre-
sented in Algorithm 2. It consists of three nested loops: a main
loop for episode initialization (lines 2–19), an outer loop for
training the higher-level agent (lines 4–18), and an inner loop for
training the lower-level agents (lines 8–14). We begin by initial-
izing replay buffers for both agent levels (line 1). The main loop
initializes each episode. In the outer loop, the higher-level agent
interacts with the environment and selects VMs. Then, in the
inner loop, each selected VM is assigned a lower-level agent to
scale its count. Transitions are stored in each lower-level agent’s
buffer, and training is performed using Deep DQN [48] with a
shared reward. DQN is chosen for its simplicity and proven
effectiveness in multi-agent scenarios [47]. After the inner loop,
the transition is stored in the higher-level agent’s buffer, and its
policy is updated using PPO [40]. PPO is selected for its sample
efficiency, as the higher-level agent operates at a coarser time
scale and receives fewer samples. Training continues until all
episodes are completed.

D. Function Collocation Placement With Mixed VMs

After determining the provisioning plan, the next challenge
is how to efficiently place the function containers onto the
provisioned instances. A poor placement strategy may lead to se-
vere resource fragmentation and decreased resource utilization,
even in simpler environments with homogeneous VMs [13].
In contrast, an efficient placement strategy can not only im-
prove resource utilization but also provide more space for our
HRL-based provisioner to explore cost-reducing provisioning
decisions.

In this section, we present an effective function collocation
placement strategy to improve resource utilization. Our key idea
is to collocate resource-complementary functions so that the
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resource ratio of the collocation closely matches the resource
ratio of the VM, thereby minimizing resource fragmentation
within each VM. OWL [13] adopts a similar idea, but it mainly
focuses on mitigating resource contention and only applies to
homogeneous VMs with the same configuration. Our method
jointly considers the VM capacity and function resource require-
ment and is applicable for function placement on heterogeneous
VM instances.

The details of our function placement algorithm is shown in
Algorithm 3. We start by considering a simple offline function
placement scenario, where we are given M selected VMs and
N functions. Each VM has multiple empty instances and each
function have multiple containers waiting for placement. The
online version involves slight modifications and will be detailed
shortly. To identify resource-complementary functions, we first
define the resource ratio of a function as the ratio of its CPU
requirement to memory requirement. The resource ratio ri,j
of a collocated function pair with functions i and j can be
calculated similarly using the sum of the CPU and memory
of two functions. Next, we maintain a two-dimensional col-
location matrix C (line 1), with each entry in C defined as
follows:

Cij = [aij , bij , hij ] , (10)

where aij and bij represent the CPU and memory usage of the
function pair (i, j), respectively, and hij is the minimum num-
ber of containers between i and j, representing the maximum
number of container pair that can be used for collocation. After
that, we define the dominant collocation resource ratio rd for
unplaced functions as the weighted sum of all entries in C (line
2):

rd =
1

N2

N∑

i=1

N∑

j=1

hij
aij
bij

, (11)

which represents the collocation resource ratio of the majority
of the unplaced containers. We then select the VM that has the
closest resource ratio rm to rd (line 4), so that we can place
as many functions as possible while ensuring high resource
utilization. We sort the entries in C according to the distance of
resource ratio between the function pair and selected VM, and
keep placing them into the instances in order (lines 5–8). The
above procedure is repeated for K steps (lines 3–10). When the
collocation process is done, we place the remaining functions
using the First-Fit algorithm (line 11). In addition, we reduce
the impact of eviction by collocating long-running functions at
on-demand VMs in prior.

Algorithm 3 assumes an offline scenario where the number of
function containers and VM instances is fixed [13]. In contrast,
in online settings, these numbers fluctuate with dynamic server-
less workloads. Replacing containers due to such changes may
introduce significant overhead and degrade SLOs. To address
this, we propose three techniques to reduce placement overhead:
(1) Provisioning-aware replacement: Scaling VM counts has less
impact on placement than changing VM types, as configurations
remain unchanged. Thus, we re-run the algorithm only when the
higher-level agent changes the VM selection strategy, typically
once per hour. (2) Tag-assisted placement: Since selected VMs
remain constant during scaling, previous collocation results can
be reused. We attach a tag containing the function ID and
instance ID of a removed container to guide placement of the new
one onto the same or a similar instance (based on resource ratio).

Algorithm 3: Function Collocation Placement.
Input: M VMs and N functions.
Output: Function container placement plan.
1: Initialize a collocation matrix C = RN×N .
2: Obtain dominant collocation resource ratio rd by (11).
3: for m = 1,2,...,M do
4: Select VM m = argminm |rm − rd|.
5: while hasIdleV M(m) & hasUnplacedFunc() do
6: Select function pair

(i, j) = argmini,j |ri,j − rm|
7: Place (i, j) into m’s instances exhaustively.
8: end while
9: Update C and rd.

10: end for
11: Place the remaining functions using First-Fit.

If no tag is available, First-Fit is used. (3) Selective collocation:
Collocation complexity mainly arises from the collocation ma-
trix. By targeting the top 10% of functions that account for 99%
of the workload [4], we reduce matrix size. First-Fit is applied
to the remaining functions.

E. Discussion and Future Work

While Trident demonstrates significant improvements in
workload prediction, VM provisioning, and function placement,
there are still several limitations to address. First, Trident does
not explicitly tackle the cold-start latency issue, which is a
critical challenge in serverless platforms, especially under bursty
or unpredictable workloads. Second, the HRL-based provisioner
may still face scalability challenges in extremely large-scale or
highly dynamic environments. In our future work, we plan to ex-
plore cold-start-aware provisioning and pre-warming strategies,
improve the scalability of Trident with distributed training, and
adapt the framework to work alongside Kubernetes-native au-
toscalers for broader deployment compatibility and operational
transparency.

V. EXPERIMENTAL EVALUATION

A. Experiment Setup

Dataset: We use Azure Function 2019 [10] to evaluate our
approach. It records the function invocation patterns within
14 days, together with the distribution of execution times per
function and the distribution of memory usage per application.
We sample 1 K functions from the dataset. We allocate the
application-level memory usage to each function proportional
to their average invocation times and obtain the function-level
memory usage. The CPU requirement of each function is gener-
ated by multiplying the memory requirement with the feasible
memory-CPU ratio reported in [49]. We simulate the dynamics
of spot VMs using the SpotWeb dataset [14]. We select 20
unique VMs from the dataset for experiments and half of the
VMs are spot VMs. The configurations of these VMs range
from 4-48 in terms of CPU cores, and 15-192 GBs in terms of
memory capacity.

Experiment environment and parameter settings: Our exper-
iment environment is built upon a Ubuntu 20.04 machine with
an Intel I7-12700 CPU and an RTX 2070 SUPER GPU. The
hyper-parameters of the model selection module are obtained
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Fig. 6. End-to-end performance comparison.

offline using grid search. The interval for workload prediction
is three minutes and we use the workload of the previous 30
minutes to predict the next 15 minutes. We implement the HRL-
based VM provisioning module using PyTorch with Python 3.7.
For the higher-level agent, the decision step is 1 h, the network
architecture is composed of three fully connected layers with 400
hidden units and ReLU as the activation function. The number of
lower-level agents is set to 6. For lower-level agents, the decision
step is 3 minutes, the network structure is composed of three
fully connected layers with 128 hidden units and ReLU as the
activation function. We optimize both the higher-level agent and
lower-level agents using Adam with a learning rate of 0.0001 and
a batch size of 32.

Evaluation metric: We use MSE to evaluate our model selec-
tion method. For end-to-end evaluations, we use provisioning
costs and SLO violations probability. The latter one is calculated
by subtracting the achieved SLO defined in (4) from the SLO
target. Trident can be flexibly adapted to other SLOs [37] by
training on other utility functions.

Baselines: For end-to-end comparisons, we evaluate Trident
with the following 5 baselines:
� AWS Reactive Scaling (AR) [17]: AR is AWS’s default

scaling strategy. It scales the resource based on pre-defined
thresholds and real-time metrics monitoring.

� AWS Predictive Scaling (AP) [16]: AP is AWS’s advanced
strategy uses machine learning models (i.e., DeepAR) to
predict workloads for resource scaling.

� SpotWeb (SW) [14]: SW is a mixed VM purchasing method
based on multi-period portfolio optimization. SpotWeb
considers heterogeneous VMs.

� FIRM (FI) [26]: FI uses DDPG to adjust the amount of
various kinds of resources for microservices.

� Snape (SN) [12]: SN is a constrained RL-based VM provi-
sioning approach that dynamically mixes on-demand and
spot VMs with the same configuration.

For workload prediction, we compare our dynamic model se-
lection algorithm with the following six widely-used prediction
models and a model ensemble approach:
� Two statistical models, ARIMA (AR) and TBATS

(TB) [25]. They are used by Alibaba [24] for flow
prediction.

� Two machine learning-based models, Support Vector Re-
gression (SVR) [27] and XGBoost (XG) [28]. SVR is a
kernel-based algorithm for regression. XG is a decision
tree-based method.

� Two deep learning-based models, DeepAR (DAR) [23] and
Transformer (TF) [50]. DAR is an LSTM-based model

adopted by Alipay [15]. Transformer applies attention
mechanism and is used by Azure [12].

� Averaging Ensemble (EN): an ensemble method that aver-
ages the prediction of different models.

B. End-to-End Performance

Fig. 6(a) presents the end-to-end performance of Trident and
five baselines. Trident achieves the lowest SLO violation prob-
ability and provisioning cost simultaneously. Its SLO violation
rate is only 2.3%, compared to 12.6%, 9.9%, 9.0%, 11.8%, and
5.6% for AR, AP, FI, SW, and SN, respectively. AR performs
the worst, as its reactive strategy struggles with fluctuating
serverless workloads. AP improves SLO satisfaction by about
3% through workload prediction. SW also uses prediction, but
its portfolio-based heuristics result in risky provisioning and
higher SLO violations. FI and SN apply reinforcement learning
and perform relatively better, yet both ignore VM dynamics and
combinations, limiting their effectiveness. In contrast, Trident
adapts well to workload fluctuations and delivers reliable SLO
guarantees.

Next, we examine the provisioning costs of each method.
Compared to the baselines, Trident reduces costs by 67.01%,
71.80%, 70.64%, 16.47%, and 40.12%, respectively. While
SW achieves a comparable cost, it suffers from a high SLO
violation rate (nearly 12%), suggesting under-provisioning or
overly aggressive use of spot VMs. Although SN supports mixed
provisioning of on-demand and spot VMs, it consistently uses
spot VMs of the same type, which is neither cost-effective nor
resource-efficient due to dynamic spot prices and heterogeneous
function requirements. In contrast, Trident dynamically identi-
fies reliable, low-cost VMs and adjusts provisioning strategies
based on spot price and eviction rate variations, resulting in the
lowest overall provisioning cost.

Fig. 6(b) shows the CPU and memory utilization of each
method. Trident achieves the highest CPU and memory uti-
lization at 87.27% and 88.96%, respectively. For the five base-
lines, CPU utilization is 80.36%, 78.12%, 80.57%, 86.76%, and
74.15%, while memory utilization is 88.56%, 85.89%, 87.63%,
73.02%, and 79.69%. Thanks to its mixed provisioning strategy
and effective function collocation, Trident maintains balanced
resource usage, with less than a 3% gap between CPU and
memory utilization. As shown in Fig. 6(c) and (d), Trident sus-
tains a higher and more concentrated region of resource usage,
indicating its ability to respond swiftly to workload fluctuations
and produce efficient provisioning plans.
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Fig. 7. Prediction performance comparison.

Fig. 8. Prediction with the different number of models.

C. Workload Prediction Performance

Fig. 7 shows the performance of our adaptive model selec-
tion algorithm. The normalized MSE for memory prediction is
0.44, 0.44, 1.00, 0.44, 0.52, 0.58, 0.46, and 0.32, and for CPU
prediction is 0.40, 0.38, 1.00, 0.40, 0.66, 0.32, 0.32, and 0.26,
for AR, TB, SVR, XG, DAR, TF, EN, and MS respectively. Our
method MS achieves the lowest MSE on both tasks. Among
individual models, TF performs best on memory prediction,
and AR on CPU prediction. SVR performs the worst on both.
Compared to the worst single model, our method reduces MSE
by up to 68% (CPU) and 74% (memory); compared to the
best single model, it achieves reductions of 19% and 28%,
respectively.

We next examine how the number of prediction models affects
the performance of our model selection algorithm. We add the
models incrementally in the order of AR, TB, SVR, XG, DAR,
and TF. As shown in Fig. 8, the prediction performance improves
monotonically for both CPU and memory tasks as more models
are included. This demonstrates the scalability of our method,
which continues to benefit from additional models. Such scal-
ability gives the algorithm long-term potential to evolve by
incorporating more advanced predictors over time.

D. Sensitivity Analysis on Different SLO Targets

Given the heterogeneity of serverless functions and cost
considerations, providers may wish to adjust SLO targets for
different workloads. To evaluate Trident under varying SLO
requirements, we test it with three levels: 85%, 90%, and 95%,
where the percentage indicates the proportion of requests served
without delay. These targets are designed based on the 95%
latency threshold commonly used in prior work [51], with 5%
decrements to create lower levels. While other SLO targets can
also be supported, we focus on these three as representative
cases. Since the three heuristic baselines do not explicitly opti-
mize for SLO targets, we compare only the RL-based methods.
As shown in Figs. 9 and 10, Trident consistently achieves the
lowest SLO violation rates, 1.53%, 1.64%, and 1.84%, and the
lowest normalized provisioning costs, 0.18, 0.23, and 0.23 across

Fig. 9. Provisioning costs under different SLO targets.

Fig. 10. SLO violations probability under different SLOs.

Fig. 11. Normalized provisioning costs for ablation study.

Fig. 12. SLO violations probability for ablation study.

all SLO levels. These results demonstrate Trident’s adaptability
and its effectiveness in balancing SLO guarantees with cost
efficiency.

E. Ablation Study

In Figs. 11 and 12, we analyze the effectiveness of three mod-
ules in Trident, namely the dynamic model selection module,
the HRL-based VM provisioning module, and the collocation
function placement module. We choose ARIMA, FIRM, and
First-Fit as our baselines, corresponding to three modules in
Trident. In addition to Trident, which includes all three mod-
ules, we create five other benchmarks, Tri-MS (replace function
placement module of Tri-Full with First-Fit), Tri-CL (replace
model selection module of Tri-Full with ARIMA), HRL-only
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Fig. 13. Overhead for model selection module.

(HRL-based provisioner with ARIMA and First-Fit), MS-only
(integrate model selection module with FIRM), CL-only (in-
tegrate function placement module with FIRM). Each bench-
mark is evaluated in an end-to-end manner under different SLO
targets.

Generally speaking, Tri-Full performs better in both SLO
satisfaction and provisioning costs savings compared to the
other three benchmarks. In contrast, HRL-Only has the highest
SLO violations probability and the highest provisioning costs.
Comparing HRL-Only and Tri-MS, we can see that adaptive
model selection reduces the SLO violations probability by
29.01%, 34.01%, and 36.52% at 85%, 90%, 95% SLO targets,
respectively. Comparing HRL-Only and Tri-CL, we can see that
it reduces the provisioning costs by 4.67%, 6.42%, and 7.27%
under 85%, 90%, and 95% SLO, respectively. This indicates
that the collocation placement module contributes more to cost
savings.

We next evaluate the effectiveness of each module when
integrated with the baseline. Comparing HRL-only and Base,
our HRL-based provisioner outperforms FIRM’s native DDPG
in both SLO attainment and cost savings, especially under
strict SLO targets. Comparing MS-only and Base, the model
selection module reduces SLO violations by 19.22%, 17.41%,
and 22.36% under three SLO targets. This shows that our model
selection module can effectively assist other provisioning strate-
gies. When integrated with FIRM, the collocation placement
module reduces provisioning costs by 4.11%, 4.98%, and 6.38%
under three SLO targets, demonstrating its adaptability to exist-
ing baselines. However, we observe that the improvements from
these two modules are more limited under FIRM than under our
HRL-based provisioner, indicating that HRL can better exploit
accurate workload prediction and improved resource utilization
to optimize system performance.

F. Overhead Analysis

This section analyzes the runtime overhead of Trident’s three
modules. For the model selection module, we examine the rela-
tionship between runtime latency and the number of prediction
models. As shown in Fig. 13, the latency remains stable under
60 milliseconds, regardless of model count. This stability is
due to the fact that the main latency source is the DTW dis-
tance computation between the current workload and sequences
stored in a fixed-length buffer, making latency independent of
model quantity. Regarding the buffer update procedure, latency
increases slightly from one to two models but remains stable
thereafter. Since all model predictions are executed in parallel,
the bottleneck is determined by the model with the highest
inference latency. These results demonstrate the scalability of
our dynamic model selection module.

Fig. 14. Learning progress of VM provisioning module.

Next, we examine the overhead of our HRL-based VM provi-
sioning module. The training process is visualized in Fig. 14. It
takes less than 1000 episodes to converge and about 2 hours to
finish on our machine. We observe no instability issues during
the training. For inference overhead, it consists of two parts:
inference latency of the higher-level agent (about 50 ms) and
that of the lower-level agents (about 15 ms). Both are negligible
in the context of online provisioning. The higher-level agent
incurs slightly higher latency due to its larger neural network,
which processes information from all VMs. These results in-
dicate that our provisioning module can respond promptly to
workload changes and operate effectively in dynamic serverless
environments.

For the function placement module, the process of running
the whole function collocation placement in Algorithm 3 takes
about 1 seconds to accomplish in our experiment setting. Though
the overhead is relatively larger compared to the model selection
module and VM provisioning module, this process only takes
place when the upper-level agent changes the VM selection strat-
egy, whose frequency is more than an hour as we’ve mentioned
in Section IV-D. In addition, we simply use the recorded tags or
First-Fit in most cases, which only took negligible milliseconds
to accomplish. In conclusion, our function placement module
can efficiently perform real-time function placement. Addi-
tional generalization results are provided in our supplementary
material.

VI. RELATED WORK

A. Cloud Workload Prediction

Workload prediction plays a guiding role in cloud resource
management. Different models have been proposed to pre-
dict the future workload of either an individual application
or a large cluster. For example, ARIMA and cubic spine re-
gression [25] are employed in [14] for spot VM purchasing.
Amazon also deploys well-trained machine learning models
for scaling EC2 instances [16]. In [29], the random forest
algorithm with Bayesian optimization is employed to predict
the workload of serverless data analysis jobs. Nonetheless,
these works typically employ a single off-the-shelf model for
workload prediction, which can result in significant prediction
errors. To address this problem, we propose a novel fine-grained
model selection scheme that leverage the power of multiple
models. It can offer a more accurate prediction with negligible
overhead.

B. VM Provisioning and Auto-Scaling

To serve continuous requests or latency-sensitive applica-
tions, cloud providers are required to provision a set of VMs
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beforehand. Due to the reliability of on-demand VMs, efficient
on-demand VM provisioning has been widely studied [18], [52],
[53]. Researchers from Azure [18] present a heuristic search-
based method for predictive VM provision. In [52], two solutions
based on control theory and queuing theory are proposed to make
autoscaling decisions for cloud applications. COUNSEL [53]
applies DRL to handle the dynamic workloads and efficiently
manages the configurations of an arbitrary multi-component
service. To further reduce the VM provisioning costs, a fair
amount of work also explores the potential of incorporating
spot VM (or transient VM) into VM provision [12], [14], [54].
For example, Tributary [54] builds models of preemption likeli-
hood and selects collections of resource allocations that satisfy
SLO requirements. However, the heuristics-based methods [18],
[54] fail to handle the dynamics and complexity of mixed VM
provisioning. DRL-based methods like COUNSEL [53] focus
on small-scale scenarios involving single-application VM selec-
tion, without determining the actual number of VM instances,
which is critical in provider-oriented serverless computing. By
comparison, Trident incorporates a tailored HRL-based ap-
proach that intelligently selects cost-effective and reliable VMs
and makes auto-scaling decisions.

VII. CONCLUSION

In this paper, we present Trident, a provider-oriented re-
source management framework for serverless computing. Tri-
dent tackles three critical problems for serverless resource
management, namely workload prediction, VM provisioning,
and function placement. We first propose a dynamic model
selection scheme to improve the accuracy of serverless workload
prediction. With the accurately predicted workload, we then
design an HRL-based VM provisioner to perform cost-effective
and SLO-guaranteed VM provisioning. To increase resource
utilization and further reduce the provisioning costs, we design
a function collocation placement algorithm for heterogeneous
VMs that collocates resource-complementary function pairs into
VM instances. Experiments on real-world serverless workloads
demonstrate the superiority of our system compared with other
industrial and academic solutions. We have provided public ac-
cess to our core code at https://github.com/oximi123/Trident#.
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