
Flare: Leveraging Serverless Elasticity to Absorb
Microservice Load Spikes

Dilina Dehigama1, Shyam Jesalpura1, David Schall2,*, Antonios Katsarakis3,*,
Marios Kogias4, Rakesh Kumar5, Boris Grot1

1University of Edinburgh, UK 2TU Munich, Germany 3Huawei Research, UK
4Imperial College London, UK 5NTNU, Norway

Abstract—Online services are commonly deployed as chains of
microservices on virtual machines (VMs). VM deployments are
cost-effective under steady load, but struggle with unexpected
load spikes due to slow scale-out. In contrast, serverless functions
(FaaS) can rapidly absorb load spikes; however, continuously
running a microservice workload entirely on serverless can be
prohibitively expensive.

We propose Flare, a hybrid microservice architecture that
combines VMs with serverless computing. Flare keeps steady
traffic on VMs and uses serverless functions only when a spike
overloads specific services. During a spike, Flare detects the
overloaded services and shifts only the excess traffic for those
services to serverless, minimizing cost overhead. Flare integrates
with existing autoscaling and serverless infrastructure, requiring
only control-plane changes and zero or minimal application
changes. Compared to a VM-only autoscaling baseline, Flare
reduces peak tail latency by 47.9% on average, while increasing
cost by just 4.4% on average.

I. INTRODUCTION

Today’s user-facing online services, such as social networks,
online stores, and media portals, must deliver low latency
despite large changes in user demand. Many such services
are built as microservices: small services that communicate
through remote procedure calls. Building online services as
microservices offers many benefits, including modularity, ease
of development, and independent scaling.

Load changes in online services include both regular, pre-
dictable patterns and sudden, less-predictable spikes [1, 2, 3].
Regular load fluctuations are straightforward to accommodate
and can be handled by provisioning resources ahead of time.
In contrast, irregular changes in load may present a challenge,
especially if they are sudden and if the amplitude of the
spike is large. An autoscaler must first detect that a spike
is non-transient, and then provision new resources before
traffic can be redirected to them. In practice, the detection
and provisioning steps may take minutes or even tens of
minutes, during which service quality may be compromised.
Netflix reports that when traffic doubled within 10 seconds,
autoscaling took 5 minutes to restore the latency Service Level
Objective (SLO) [4].

To avoid the slow scale-out problem, services can be over-
provisioned by deploying more instances than required for a
given load level. However, our analysis of a week-long Twitter
trace [3] shows several, sudden & unexpected load spikes,
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sometimes doubling the load over a short interval. Maintaining
enough standby capacity to absorb such spikes would be
prohibitively expensive, since the extra resources would have
to be deployed and paid for continuously, even when they are
not needed. Another option is to predict traffic fluctuations
and scale resources proactively. While predictive scaling can
accurately anticipate regular load fluctuations, real-world load
can spike unexpectedly, rendering such techniques ineffective
for sudden load increases [2, 5]. In theory, deploying on-
line services as serverless functions1(FaaS) can absorb spikes
within seconds due to fast startup and elasticity. In practice,
however, running a steady microservice workload entirely on
serverless is expensive. In our measurements, a representative
hour-long steady segment of the Twitter trace costs 2.4× more
on serverless than on VM-based microservices.

This creates a fundamental conundrum: existing VM-based
deployments are cost-effective but slow to scale, while server-
less platforms offer rapid elasticity at high cost. Prior hybrid
systems combine VMs and serverless resources, but they do
not address overload at individual services inside a multi-hop
microservice chain [6, 7, 8, 9, 10, 11, 12]. To bridge the
gap, we propose Flare, a hybrid microservice architecture that
combines VM cost efficiency with serverless elasticity. Under
normal load, Flare runs services on VMs. During a spike, Flare
identifies the overloaded services and routes only the portion
of their traffic that the current VM instances cannot serve to
serverless functions while VM autoscaling catches up. Flare
shifts traffic at the level of individual microservices rather than
the whole application, requires only control-plane changes
and zero or minimal application changes, and integrates with
existing autoscaling and serverless infrastructure.

Our evaluation shows that Flare reduces peak tail latency by
47.9% on average compared to a VM-only autoscaling base-
line. Flare eliminates all median-latency SLO violations and
significantly reduces tail-latency violations, while increasing
cost by only 4.4% on average.

The paper makes the following contributions:
• We show that reactive and predictive autoscaling struggle

with unexpected load spikes, while fully serverless de-
ployment handles load spikes but incurs substantial cost
overhead when run continuously (Section II).

1We use the term serverless to specifically refer to Function-as-a-Service
(FaaS) throughout this paper.



• We present Flare, a hybrid architecture that selectively
shifts traffic beyond current VM capacity from over-
loaded microservices to serverless functions (Section III).

• We demonstrate that Flare improves spike resilience with
modest cost overhead, reducing peak tail latency by
47.9% on average and adding only 4.4% average cost
(Section VI).

II. MOTIVATION

A. Modern Online Services and Autoscaling

Modern online services have evolved into complex sys-
tems that must be scalable, highly available, and responsive
while meeting tight latency SLOs [13, 14]. Large service
providers such as Airbnb, Netflix, LinkedIn, Uber, and Twitter
address service scalability and availability with microservice
architectures [15, 16, 17, 18, 19]. A microservice application
is built from small services, each responsible for a narrow
function and communicating with other services over the
network. Many services are designed to be stateless, with
persistent state kept in external data stores, which improves
scalability [20, 21].

Microservices are commonly deployed as containers on
VM clusters using orchestration platforms such as Kubernetes
(K8s) [22, 23, 24]. In K8s, the basic deployment and scaling
unit is a pod, which contains one or more containers. Pods
run on VMs, and one VM can host several pods.

Autoscaling in K8s happens at two levels. First, at the
pod level, the Horizontal Pod Autoscaler (HPA) creates new
pods inside running VMs based on metrics such as CPU
utilization or requests per second [25]. Second, at the VM
level, if the cluster lacks capacity for new pods, the Cluster
Autoscaler (CA) [26] provisions new VMs and adds them to
the cluster, enabling HPA to place additional pods inside the
newly-created VMs.

B. Load Variability

The load, or request arrival rate, of a service can vary
significantly due to factors such as the time of day, day of the
week, or season [3]. This is evident in online services such as a
social networking platform facing higher loads during the day
and lower loads at night or a shopping website encountering
increased demand during the holiday season.

Figure 1 illustrates the load pattern of Twitter [3] over
a week-long period. We observe a mostly consistent traffic
pattern characterized by predictable periodic trends with minor
fluctuations for a given time of day. However, the figure
also shows multiple load spikes at various points in the
week without a clear periodic trend. The zoomed-in portion
of Figure 1 shows one spike starting at 07:10, when the
load suddenly doubles from just under 4000 requests/min to
8000 requests/min. The example emphasizes that microservice
systems must handle unexpected spikes without compromising
user experience.

Fig. 1. Twitter load trace over one week. The highlighted region marks a
four-hour interval from a day with an unexpected load spike.

Fig. 2. Impact of a sudden load spike on a VM-based microservice
application.

C. VM-based Microservices Meet Load Spikes

Unexpected load spikes pose a challenge for VM-based
autoscaling due to two sources of delay: detection lag and
reaction lag. Detection lag arises because autoscalers rely on
metrics and thresholds to identify load spikes. Metrics such
as CPU utilization or request rate are typically averaged over
a time window to filter transient fluctuations and react only
to sustained load increases. In common K8s deployments,
detection lag is relatively small [27, 28]. Reaction lag is the
time required to provision and deploy new instances, which
can take minutes depending on the cloud provider and VM
size [29]. During the combined lag, requests queue at existing
instances and degrade user experience [30].

We quantify the impact of a sudden load spike on end-
to-end latency using the BookInfo microservice application
from Istio [31, 32]. We replay the highlighted one-hour load
trace from Figure 1 on an AWS EKS cluster with HPA and
CA enabled. Section V provides detailed information on the
parameters used in this study.

Figure 2 presents the load and end-to-end latency over time.
The top graph reveals an initially stable request rate around
200 RPS, then increases above 400 RPS at around 07:08.
Median and tail latency remain low before the spike. During
the spike, median latency peaks above 600ms and tail latency
exceeds 900ms, corresponding to 8.2x and 9.6x increases



Fig. 3. Load prediction for a day with an unexpected load spike.

over pre-spike latency, respectively. Latencies return to pre-
spike levels just after 07:10, indicating about two minutes of
combined detection and reaction time. Industry reports show
similar behavior: Netflix reports that a traffic doubling within
10 seconds took 5 minutes to recover through autoscaling [4].

Service providers can avoid latency spikes by over-
provisioning their clusters [33]. However, the spike in Figure 1
doubles the prior steady load. Absorbing the spike with VMs
alone would therefore require roughly twice the VM capacity
needed for the pre-spike load, leaving many resources idle
outside the spike period and increasing cost.

D. Proactive Resource Provisioning

Instead of reacting to sudden load spikes, prior works
have proposed proactive auto-scaling mechanisms that aim
to predict future load patterns and provision resources ahead
of time [34, 35, 36, 37, 38]. These approaches typically
use machine learning models to analyze historical data and
forecast future resource requirements [5, 2]. However, despite
generally good accuracy, proactive auto-scaling approaches are
challenged by sudden and unexpected load spikes.

To evaluate the effectiveness of proactive models, we use
Seq2seq [39], a widely used machine learning model also
used in a state-of-the-art proactive auto-scaling mechanism at
Alibaba [2]. We train the Seq2seq model using three months
of Twitter trace data to evaluate its prediction accuracy.

Figure 3 presents a day-long period with an unexpected
load spike, comparing the load predicted by Seq2seq (orange
line) with the actual load (blue line). During regular-load
periods, specifically before 07:00 and after 12:00, Seq2seq
achieves good prediction accuracy and maintains less than a
14% deviation. During the spike period, however, the pre-
dicted load deviates sharply from the actual load, with the
maximum deviation exceeding 200%. The result highlights a
key limitation of predictive models: they can follow regular
load patterns, but miss sudden spikes that are not visible in
historical trends.

E. Can Serverless Help?

Serverless computing, particularly Functions-as-a-Service
(FaaS), has emerged as a widely adopted cloud deployment
model for online applications due to its scalability and elastic-
ity [40]. Serverless functions can scale from zero to thousands

Fig. 4. Impact of a sudden load spike on tail latency (P95) on a serverless-
only deployment compared to VM-based deployment.

of active instances within seconds [41], which makes server-
less a strong candidate for handling abrupt traffic increases.

To evaluate the suitability of serverless platforms for han-
dling traffic spikes, we study the load spike highlighted in
Figure 1 using the BookInfo benchmark from Section II-C.
For this analysis, we deploy BookInfo fully on serverless.
Figure 4 shows that tail latency in the serverless deployment
remains stable during the spike, in contrast to the VM-only
deployment.

To investigate the cost implications of running a microser-
vice application entirely on serverless, we also estimate cost
during a steady-load interval. For the 05:40–06:40 interval in
Figure 1, estimated cost is $0.48 on serverless and $0.20 on
VMs, while P95 latency remains similar (106 ms on serverless
versus 113 ms on VMs). A serverless-only deployment is
therefore 2.4x more expensive for this regular-load period.

Summary. VM deployments provide good cost efficiency
for steady traffic but react slowly to unexpected spikes. Server-
less deployments respond quickly to spikes but incur a high
steady-state cost. An ideal system would combine VM cost-
efficiency for steady traffic with rapid elasticity of serverless
for unexpected load spikes.

III. FLARE

A. Overview

Flare is a system that combines the cost efficiency of VM
deployments with the responsiveness of serverless computing.
The key idea is to route only the traffic that exceeds current
VM capacity to serverless during load spikes, and only until
newly provisioned VMs become ready. As a result, Flare
reduces SLO violations during load spikes without the high
steady-state cost of a fully serverless deployment or the
resource overhead of maintaining large idle VM pools. Flare
applies this idea at service granularity rather than at whole-
application granularity. When a microservice chain contains
an overloaded service, Flare shifts only requests that reach the
overloaded service to serverless instances. Requests to services
with sufficient VM capacity remain on VMs. Moreover, Flare’s
traffic-shifting decisions are opaque to clients and application



logic; neither observes whether a given request executes on a
VM or a serverless instance.

To remain complementary to existing deployments, Flare
separates the mechanism into three components: monitoring,
load-balancing, and a control plane. The monitoring and
load-balancing components rely on the default infrastructure
provided by the deployment environment (K8s). The control
plane adds the Flare controller, which reads load metrics and
updates load-balancer rules when a service needs temporary
serverless capacity.

B. System in Action

Figure 5 depicts how Flare responds to a spike for a single
scalable microservice. In the K8s deployment, microservices
run in pods, while an external load balancer, e.g., Envoy or
AWS Application Load Balancer [42, 43], routes incoming
traffic. The Flare Controller runs as a service within the cluster
and continuously monitors RPS and CPU metrics 2 .

During steady load, the load balancer directs all requests to
pods running on VMs 1 . Upon identifying a load spike, the
Flare controller updates the load-balancer configuration so a
fraction of requests is routed to serverless functions 3 – 4 .
This temporary traffic shift reduces pressure on the overloaded
VMs while new VM capacity is being provisioned, limiting
SLO violations during the scale-out interval. Importantly, Flare
does not interfere with existing autoscaling mechanisms; for
example, Cluster Autoscaler (CA) provisions new VMs for the
increased load 5 . After the new VMs become operational, the
Flare controller shifts the serverless traffic back to VMs 6 .

C. Flare Controller

The Flare Controller is the brain behind Flare and has two
responsibilities. First, it monitors CPU and RPS metrics for all
services deployed in the cluster. Second, based on observed
metrics, it configures the load-balancing infrastructure to steer
traffic only to VMs or to both VMs and serverless resources.
Crucially, monitoring and load balancing happen for each
individual service along the microservice chain.

Flare implements this split with weighted load balanc-
ing [44, 45]. Under steady load, the VM weight is 100% and
the serverless weight is 0%. During a spike, the controller
computes new weights from observed metrics so that the
serverless weight corresponds to the excess traffic beyond
current VM capacity. Once CA and HPA provision sufficient
VM capacity, the controller restores the VM weight to 100%.

IV. FLARE UNDER THE HOOD

A. Technologies Used

Flare is implemented on Kubernetes, with serverless func-
tions running on Knative [46]. It uses Istio [47, 48] with
Envoy sidecars [43, 49, 50] for service-to-service routing, and
updates Istio Virtual Services to shift traffic between VM and
serverless instances. For spike detection, Flare extends K8s
CAdvisor [51] to collect pod CPU statistics every 1 second,
while Prometheus [52] exposes CPU statistics and service-
level RPS to the controller.

Fig. 5. Flare design overview.

B. Flare Controller

Integration with the Autoscaler. K8s autoscaling commonly
uses CPU utilization to decide when additional pod and VM
capacity is needed [25]. However, once Flare shifts part of
a load spike to serverless, the CPU utilization measured on
VMs no longer reflects the full service load. The autoscaler
may then observe steady VM-side CPU utilization, preventing
further VM scale-out. Flare addresses this issue by tracking
total RPS for each service across both VM and serverless
instances and providing this signal to the autoscaler for scale-
out decisions. This integration preserves CPU-based scaling
behavior while allowing VM scale-out to proceed normally,
even during Flare’s temporary traffic shifting to serverless.
Weight Calculation. Flare performs weighted load balanc-
ing using Wv and Ws, which denote the traffic fractions sent
to VMs and serverless instances, respectively. At timestamp t,
Flare computes Wv as the ratio of service throughput capacity,
i.e., the maximum collective RPS of all active pods, to the
estimated load at t + 1. For ∆RPS = RPSt − RPSt−1,
the next-step load estimate is RPSt + ∆RPS when load is
increasing, and RPSt otherwise:

Wv =
Service Throughput Capacity{

RPSt +∆RPS if ∆RPS > 0

RPSt if ∆RPS ≤ 0

, Ws = 1−Wv

C. Handling Traffic Shifts in Chained Microservices

In a microservice application, requests may traverse multi-
ple services that form a service chain. Flare shifts traffic only
at overloaded services, as described in Section III. After a
request enters the serverless path, the implementation must
decide whether downstream calls should return to VMs or
remain in serverless. Returning to VMs can reduce cost, but
it requires serverless instances to know the current load of
downstream VM services or requires additional load-balancing
stages after each service. Both options increase implementa-
tion complexity and may add latency. Our prototype therefore
keeps a request in the serverless environment once the request
enters the serverless path. The design may execute some



non-overloaded downstream services on serverless, but the
evaluation shows that the added cost is small. The choice
is not fundamental to Flare and can be revisited in future
implementations.

D. Service Portability and Adaptation Effort

The adoption of containers as the standard unit of deploy-
ment has significantly simplified the migration of workloads
between VMs and serverless environments [22, 46]. Most
serverless platforms support container-image-based deploy-
ments, enabling the same image to run in both the VM-based
K8s cluster and serverless functions. Although the deployment
artifact remains consistent, protocol and invocation models
may still differ across platforms; for example, Knative uses
gRPC and HTTP, while AWS Lambda has a provider-specific
invocation model [53]. Lightweight adapters, such as the AWS
Lambda Web Adapter [54, 55, 56], bridge such differences
without changing application logic.

V. EXPERIMENTAL METHODOLOGY

Load trace. Load is generated from a Twitter trace [3],
using the hour-long segment containing the load spike shown
in Figure 3. Since the original trace is sampled, we scale the
trace to trigger CA-level autoscaling [57]. Locust [58] replays
the trace from a VM with 4 vCPU cores and 16 GB of RAM
in the same AWS region as the cluster.

Benchmarks. We use three microservice benchmarks: Book-
Info, Online Boutique, and Hotel Reservation [32, 59, 21]. The
benchmarks include multiple service chains, diverse commu-
nication protocols, and several widely used programming lan-
guages. One BookInfo service (reviews) is ported from Java to
Go to reduce Java’s high cold-start latency on serverless [60].
We replay the load trace on each application three times and
report the run with the median latency across runs.

Configurations. Flare is compared against the K8s default
baseline (Baseline), which uses an EKS cluster with default
HPA and CA parameters. HPA triggers scaling when average
CPU utilization reaches 50% [2]. The average RPS threshold
is configured to match the RPS at 50% CPU utilization.

Cluster. The K8s cluster runs on Amazon EKS [61], with
EC2 t3.xlarge nodes that provide 4 vCPU cores and 16
GB of RAM. Each VM costs 0.1670 USD per hour [62].
Knative deployments use dedicated VMs within the same K8s
cluster. Since production serverless platforms such as AWS
Lambda and Azure Functions have cold-start times about 10×
lower than Knative [63], Knative functions are kept warm to
approximate production serverless performance. The effect of
warm and cold starts is evaluated separately on AWS Lambda
in Section VI-C.

Cost Estimate. Serverless cost is estimated from the ex-
ecution time and allocated vCPU of each Knative function.
Because AWS Lambda ties vCPU allocation to provisioned
memory and does not allow direct CPU selection, we map each
Knative vCPU allocation to the Lambda memory configuration

Fig. 6. Latency comparison. Red dashed line marks the 400ms SLO.

Application
Median (P50) Tail (P95)
Base Flare Base Flare

BookInfo 36s – 1.45m 12s

Online Boutique 3s – 1.6m 10s

Hotel Reservation 29s – 2.3m 13s
TABLE I

SLO VIOLATION DURATION FOR BASELINE (BASE) AND FLARE.

with comparable CPU capacity [64]. The mapped memory
configuration is then used to calculate cost [65].

VI. EVALUATION

We evaluate Flare along three dimensions: latency un-
der load spikes, cost overhead, and performance with AWS
Lambda as a production serverless backend.

A. Impact on Latency

We compare the median (P50) and tail (P95) latencies of
Flare against the VM-only baseline. The SLO target for the
studied microservices is 400ms [66]. Since Flare is activated
only during the spike, baseline and Flare latencies are similar
both before and after the spike. The analysis therefore focuses
on the spike interval from 7:10 to 7:12.

Figure 6 illustrates the end-to-end latency impact on median
and tail latency for the three benchmarks. The VM-only
baseline suffers from significant SLO violations during the
spike. Median and tail latencies increase by 5.9-19.2x and 4.2-
12.9x over pre-spike levels, respectively, exceeding the 400ms
SLO by 5-55% and over 80% across the three applications.

With Flare, excess load is rapidly shifted to serverless in-
stances, reducing end-to-end latency. Median latency increases
by 1.6-7.6x but never violates the SLO. Tail latency increases
by 2.8-5.3x for a short period and exceeds the SLO by at most
32%. Table I summarizes all SLO violations for the VM-only
baseline and Flare. Flare still violates the tail SLO for 5%
of requests, but the longest violation lasts only 13 seconds,
compared to 1.45-2.3 minutes under the VM-only baseline.

In summary, Flare eliminates all median SLO violations
and limits tail SLO violations to at most 13 seconds, while
reducing peak tail latency by 32-59% (47.9% on average)
compared to the VM-only baseline.



Fig. 7. Cost comparison.
Fig. 8. Efficacy of Flare on AWS
VMs & Lambda.

B. Cost Overhead

Next, we evaluate the cost overhead of using serverless
capacity during the spike. Flare is compared against the
VM-only baseline and an over-provisioned VM-only cluster
(over-provisioned) with twice the steady-load VM capacity,
which is sufficient to absorb the load spike. Figure 7 reports
costs normalized to the VM-only baseline. Compared to the
baseline, Flare increases cost by 3%, 2.8%, and 7.3% for
BookInfo, Online Boutique, and Hotel Reservation, respec-
tively. The average cost increase for Flare is 4.4% compared
to the baseline, while remaining 47.8% cheaper than the over-
provisioned cluster.

C. Performance with AWS Lambda

Finally, we evaluate Flare using AWS Lambda, a popular
production serverless offering. The experiment uses BookInfo
and the same load spike described in Section V, and studies
two cases: warm Lambda instances and cold Lambda instances
that are provisioned on demand.

Figure 8 shows that warm AWS Lambda instances perform
similarly to the Knative-based evaluation in Section VI-A.
With warm instances, Flare reduces peak tail latency by 53%
and absorbs the spike after 9 seconds. With cold instances,
Flare sees a 1.19x tail-latency increase compared to warm
Lambda instances because Lambda must provision instances
when spike traffic arrives. However, cold and warm Lambda
instances recover at similar speeds: Flare returns to pre-spike
latency within 10-16 seconds, compared to 1.45 minutes for
the VM-only baseline.

VII. RELATED WORK

Cloud auto-scaling. Cloud auto-scaling is commonly divided
into reactive and proactive schemes [67, 68, 69, 70]. Reactive
schemes, including public-cloud rule-based autoscalers [71,
72, 73], ATOM [74], and Microscaler [75], adjust resources
after observing load or performance changes. They remain
limited by detection delay and VM initialization latency during
sudden spikes. Proactive schemes predict future load from
historical data [70, 2, 76, 77], reducing detection delay for
regular patterns but remaining less effective for unprecedented
or non-periodic spikes. Flare complements these approaches

by serving as a safety net when unexpected load exceeds the
VM capacity selected by reactive or predictive scaling.
Fast-booting infrastructure. Fast-booting infrastructure,
including MicroVMs [78], Unikernels [79, 80], and snapshot-
based restoration [81, 82], reduces the startup delay of new
compute instances. For example, AWS Lambda uses Fire-
cracker MicroVMs [78] to support rapid serverless elasticity.
Flare is agnostic to the underlying compute substrate and only
requires a secondary tier that can provision capacity quickly.
While the evaluation uses serverless functions due to their
widespread availability, Flare’s control plane can also use other
fast-booting compute types if available.
Hybrid systems with serverless. Prior work has used
serverless in various contexts to improve elasticity and handle
short-lived resource demand [6, 7, 83, 8, 9, 10, 11, 12, 84].
Systems such as SplitServe [6], Cackle [7], Sponge [83],
and Mashup [8] use serverless functions in data analytics,
stream processing, and high-performance computing work-
loads. These systems target workloads with explicit job, query,
operator, or workflow structure, unlike microservice request
paths that vary by request and service behavior.

Other works explore hybrid provisioning for machine learn-
ing inference-as-a-service [9, 10] and general cloud applica-
tions with strict SLAs [11, 12, 84]. MArk [9] and Spock [10]
use serverless instances to serve ML inference requests during
spikes or scale-out. LIBRA [11] and FEAT [12] route whole
application requests between VMs and serverless resources
at a gateway or load-balancer level. BeeHive [84] offloads
parts of a monolithic web application to FaaS. These systems
are distinct from Flare, which shifts traffic for specific bottle-
necked services in a multi-hop microservice chain and inte-
grates with service meshes used in microservice deployments.

VIII. CONCLUSION

Sudden load spikes pose a considerable challenge for VM-
based microservices due to the delay of reactive scaling and the
limited ability of predictive scaling to anticipate unexpected
surges. Although serverless functions provide rapid elasticity, a
serverless-only deployment incurs high cost for steady traffic.
To address this cost-performance trade-off, we propose Flare, a
hybrid architecture that keeps steady traffic on VMs and shifts
traffic beyond current VM capacity to serverless functions only
at overloaded services. Across three microservice applications,
Flare reduces peak tail latency by 47.9% on average, elimi-
nates all median SLO violations, and limits tail SLO violations
to at most 13 seconds with an average cost increase of 4.4%.
An extended version of this paper is available on arXiv [85].
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