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1 Introduction
User-facing applications with stringent Quality-of-Service (QoS) requirements [3, 35, 49], e.g.,
Facebook from Meta, have evolved to the microservice architecture. The microservices provide
different functions, communicate through the network, and scale independently [9, 33, 57]. While
a production application often provides multiple services [22, 30, 46], queries may also go through
part of microservices in a service [20, 28, 29]. For instance, Facebook provides friend recommen-
dation and live video services. In the recommendation service, there are queries of finding nearby
friends that go through location microservice, and queries of mutual friends that go through social
graph microservice. Such an application is often denoted as a graph where nodes and edges are
microservices and call relationships [15, 24]. A user query is represented by a subgraph that includes
all its involved microservices (namely a call graph [20, 28, 29]).

Figure 1 shows an example application with 2 services, extracted from production microservice
traces [28, 31]. Service-2 has 3 call graphs while Service-1 has a single call graph. As observed,
microservices 1 and 2 are shared by queries from different services [30, 46], and microservices 3, 4,
and 5 are also shared by queries from different call graphs in a service [20]. Industrial experience
has shown that the load patterns (e.g., queries per second, QPS) of services and call graphs change
dynamically [31, 41, 44], shared microservices also have diverse workloads and QoSs when they
are called in various services [27, 30]. In this case, a shared microservice uses multiple Remote
Procedure Call (RPC) functions to support various call graphs [31]. Our measurement shows
that a shared microservice’s CPU and memory usage varies by up to 3.6× and 3.1× across call
graphs.

State-of-the-art management solutions for microservices [5, 30, 38, 44, 51, 53], such as FIRM [38],
ERMS [30], Nodens [44], have the optimization goal of prioritizing QoS guarantees and then
improving resource allocation efficiency, which is the same as our article. However, they neglect the
resource usage dynamics for shared microservices, resulting in resource allocation inefficiency. The
fundamental inefficiency stems from the heterogeneity of various types of queries, which exhibit
varying resource demands and latency QoS targets. Without identifying queries from different call
graphs in different services with dynamic loads, they are forced to adopt a conservative strategy
to allocate resources based on the maximum demand among all mixed query types. This leads to
resource over-provision, resulting in an actual latency far lower than the given QoS target.

Even if diverse types of queries are identified, when diverse queries are served in a shared resource
pool, it is inherently difficult for the scheduler to prioritize and allocate resources dynamically to
ensure each query type receives its required resources to meet its specific QoS. Without fine-grained
resource control, resources like CPU cycles cannot be precisely allocated and isolated per query
type in real-time in a mixed serving environment. Our investigation shows that the 99%-ile latency
of queries with mixed serving is 3.4× higher than the QoS target, using the lower-bound resource
allocation (aggregating minimal resources of queries across call graphs under QoS guarantee). Thus,
to ensure that all QoS targets are met, the system has to over-provision resources.
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Fig. 1. An example production application with two services. The Service-2 has three different call graphs.

An intuitive solution is to identify the queries with diverse resource demands, group containers
of each shared microservice, and schedule each type of queries to a specific container group. The
containers in different groups are co-located on the same hardware, following the standard cloud-
native environments [10, 30, 38, 44]. Ideally, grouping diverse types of queries would be done by
identifying queries across the call graphs of different services. However, it is not practical since the
call graph of a query cannot be known at runtime before this query completes [20, 31, 44].

We observe that, for a user query, the service it belongs to and the RPC function it calls in
the shared microservice can be known from its frontend URL and the RPC client of the shared
microservices at runtime. We therefore introduce a two-level runtime query identification scheme to
identify the queries by their service IDs and the called RPC function IDs before scheduling them to
shared microservices. This identification allows us to group the shared microservice containers and
schedule queries with diverse resource demands to the appropriate container groups.

After identifying diverse queries and scheduling them in groups, it is still nontrivial to achieve
efficient resource balancing for shared microservices, because (1) the resources of each container
group of a shared microservice need appropriate scaling, and (2) the separate group serving may
lead to load imbalance, due to the dynamic loads of services and call graphs. In this case, the
queuing on a specific container group brings long tail latency, even though other container groups
are idle. A suitable mechanism is required to fully utilize the idle containers across groups of shared
microservices during the resource scaling period after the load changes. In this way, the CPU and
memory resources can be shared across container groups on the same node.

We therefore propose Delphinus, a runtime system for efficient resource scaling of shared
microservices while ensuring the QoS. Delphinus comprises a group-oriented query scheduler and
a borrowing-based load adapter. The scheduler utilizes the two-level runtime query identification
scheme to identify queries based on their service IDs extracted from the frontend URL and the
called RPC function IDs retrieved from the RPC client framework. Based on this scheme, the queries
are grouped and scheduled to different container groups at runtime. When loads of diverse queries
change, the load adapter scales the resources of each shared microservice group based on monitored
loads. Moreover, it adopts a container borrowing mechanism to borrow idle containers across
groups and balance the query queue for containers inside a group, to alleviate the long tail latency
during resource scaling. This article makes three main contributions.

(1) Investigating the resource inefficiency of sharedmicroservices.We identify the varying
resource usage of shared microservices and the resulting resource inefficiency of current methods.
(2) Identifying and group scheduling queries of shared microservices. We identify the

queries with diverse resource demands and schedule them to separate container groups, to enable
efficient resource scaling.

(3) Efficient resource utilization of shared microservices under dynamic loads. We scale
resources based on the monitored loads and propose the container borrowing mechanism to fully
utilize idle containers when adapting to the load change of diverse queries.

ACM Trans. Arch. Code Optim., Vol. 23, No. 2, Article 64. Publication date: June 2026.



64:4 J. Shi et al.

Table 1. Comparisons between Delphinus and Others on Resource Management for Shared Microservices

Varying loads
of the application

Varying loads
of diverse services

Varying loads
of diverse call graphs

Diverse query types in
shared microservices

Sage, FIRM, Nautilus, and so on
[11, 13, 14, 16, 38, 43, 53] "

Wisp, ERMS [30, 46] " "

Madu, Derm, Nodens [10, 31, 44] " "

Delphinus " " " "

We have implemented Delphinus on top of Kubernetes [23], and evaluated it on an eight-node
cluster. Results show that Delphinus reduces CPU and memory resource usage by 40.1% and 36.4%
on average for shared microservices, respectively, compared to the state-of-the-art works.

2 Related Work
We discuss related works on dynamic microservice architecture and resource management.

Microservice architecture: Most prior works [7, 15, 44, 45, 56] implemented microservice
benchmarks with the directed acyclic graph architecture. DeathStarBench [15] consisted of three
microservice applications, in which the HotelReservation and SocialNetwork have 4 and 3 services,
respectively, with each of 3 shared microservices. Google implemented the Online Boutique [7]
with 4 services and 5 shared microservices. There are also some benchmarks [44] with multiple call
graphs and microservices shared among them, implemented based on production traces.

Production microservice traces [20, 28, 31] also showed that microservices are shared among
different services and call graphs. DGG [12] analyzed the dynamic characteristics within produc-
tion traces [31] from the dependency graphs, call graphs, and individual microservices, based
on which it designs an automated microservice graph generation tool to enable the creation of
benchmarks that embody production features. It also reveals the highly shared nature of microser-
vices among different call graphs in production traces, which supports the research context of our
article.

Microservice resourcemanagement: Some prior works [5, 17, 19, 34, 52, 55] adopted heuristics
to scale resources for microservices when the application load changes. Seer [16] and Sage [14]
located the bottleneck microservices through machine learning when the application load changes
and allocated more resources to them. Some other works [11, 53] also predicted the latency of the
microservice application by using deep learning. Moreover, FIRM [38], ELIS [43], and Nautilus [13]
analyzed the microservice dependency graph and identified critical microservices for efficient
resource allocation at different load levels. The above studies neglect diverse queries from different
services and call graphs, which leads to various resource usage of shared microservices.

For diverse loads of different services and call graphs, Wisp [46] limited the rate of some services
to maximize the throughput of shared microservices. ERMS [27, 30] adjusted the serving priority
of queries from different services in the same shared microservice containers for efficient resource
allocation. Moreover, Madu [31] predicted the loads of microservices under varying loads of different
call graphs. Derm [10] prioritized allocating more resources to some call graphs to reduce the overall
resource usage and QoS violations. Nodens [44] eliminated the execution-blocking effect for fast
QoS recovery under call graph dynamics. The above studies fail to identify diverse queries across
services and call graphs, and thus cannot allocate fine-grained resources for shared microservices.

Table 1 compares prior work to Delphinus on resource management for shared microservices.

3 Investigating Shared Microservices
In this section, we first characterize shared microservices based on the production-level traces, and
then investigate the deficiency of current microservice management schemes.
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Fig. 2. A simplified HotelReservation application with four services. The Service-4 has multiple call graphs.

3.1 Characterizing Shared Microservices
User-facing applications, such as e-commerce and hotel reservation [7, 15], have queries from users
for different functionalities [20, 28, 31]. Figure 2 shows an example HotelReservation application.

To our knowledge, the Alibaba trace [31] is the only public dataset with complete inter-
microservice calls, so it is widely used for characterization, benchmarking, and evaluations [30,
40, 44]. This trace is derived from a single application Taobao in the Alibaba Cloud, and thus all
observed sharing patterns are inherently intra-application in this subsection. We use it as our
primary dataset. The Meta trace [20] also includes partial parent-child microservice calls and is
used for supplementary.

3.1.1 Sharing of Microservices. As shown in Figure 2, user queries demand different functionali-
ties, and a query accesses one “service” for the functionality [28, 30, 46].The queries of a service may
go through different parts of microservices in this service, forming different “call graphs” [20, 31, 44].
The queries of Service-4 generate multiple call graphs owing to various user demands, such as
recommending hotels in the closest distance, applying range filtering for distance, score, price, and
so on.

Analyzing two production traces [20, 31], most microservices are shared by queries from: (1)
different services within the same application and (2) different call graphs within a service, and
they are “shared microservices”. The “sharing” addressed in our article occurs at the logical and
application level. In detail, a single microservice container is shared (invoked) by multiple types of
queries (from different services or call graphs), which may impose heterogeneous CPU or memory
demand patterns on the same container. In Figure 2, Reserve is shared by Service-1 and Service-3,
while Dis is shared by Call Graph-1 and Call Graph-3 of Service-4. Some microservices are both
shared by services or call graphs in the same service, e.g., Profile is shared between Service-1 and 4,
and among call graphs of Service-4.

According to the trace [31], 194 microservices (36.2% of total) are shared by different services,
while 101,865,124 queries (42.1% of total) access one ormore of them. Also, 74.7% of themicroservices
are shared by call graphs in the same service with 61.1% of user queries. Our analysis also reveals
the existence of dominant microservices. For example, the microservice MS_37691 is shared by 6
out of the top 10 services. The top services are ranked by their total number of queries in the traces.

Our work aligns with other state-of-the-art microservice resource management works [10, 30, 44],
that focus exclusively on resource sharing and management within a single application.

3.1.2 Varying Resource Usage of Shared Microservices. Queries from different services often
share microservices but have varying resource usage due to various workload patterns and QoS
demands [27, 30]. As shown in Figure 2, Service-1 calls the shared microservice Reserve to check
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Fig. 3. Trace analysis for the varying resource usage of shared microservices.

room availability while Service-3 calls it to check availability and proceed with booking. These
services have varying workload patterns. Moreover, Reserve may have different latency QoSs
in different types of queries across services, to meet each service’s different end-to-end latency
requirements.

Queries from different call graphs within a service may call distinct RPC functions (i.e., API
endpoints) of a shared microservice, resulting in varying resource demands. Since our utilized
Alibaba trace [31] provides the function interface names and response times while the actual
workloads are unavailable, we conduct analysis to collect the RPC function number for shared
microservices of the trace. As shown in the left part of Figure 3, we observe that nearly 60% of
the shared microservices handle 2 or more distinct RPC functions to handle different call graphs.
Different function names suggest they implement different functionalities, which in turn are highly
likely to exhibit different resource usage patterns (e.g., CPU-bound vs. I/O-bound). Similarly, Meta
trace analysis also stated that different queries may trigger different endpoint functions [20].

The right part of Figure 3 also shows that the loads of 3 example RPC functions invoked by
different call graphs change dynamically over time. Similarly, production studies showed that
loads of different services and call graphs have high load fluctuations over time [30, 31, 44]. Our
investigations of the top 20 services by total query count in Alibaba traces show that the average
load variations of call graphs are 38.6% every 5 seconds. With the varying loads of call graphs that
invoke different RPC functions, the resources of shared microservices show dynamic demands.

3.2 Low Resource Allocation Efficiency
We investigate the resource allocation efficiency of existing microservice management schemes.

Three benchmarks in prior studies [15, 44] (HotelReservation (HR), SocialNetwork (SN ),
and EB1), and an industrial-level benchmark Google Online Boutique (OB) [7] are used. EB1 is
derived from the Alibaba microservice by prior work [44]. It exhibits characteristics of relatively
complex and production-level microservices, comprising 1 service, 5 call graphs, 21 microservices,
and including 5 microservices shared among queries with different call graphs. OB has 4 services
and 5 shared microservices. The HR and SN include service-shared microservices. In detail, HR
comprises 4 services, among which 3 microservices (reserve, user, and profile) are shared across
queries from all 4 services. SN consists of 3 services, where 3 microservices (post-storage-service,
user-timeline-service, and home-timeline-service) are shared across queries from all 3 services. The
above benchmarks also reveal some existence of dominant microservices similar to our data analysis
in Section 3.1.1. For the example in EB1, the “ms-14” is shared by 4 out of the total 5 call graphs
within that benchmark.

Following previous work [44], to simulate real-world applications, we enhance HR and SN by
adding call graph sharing features. In the HR, we extended the “hotel recommend service” by adding
4 microservices that are shared across 7 call graphs, enabling support for hotel filtering based on
distance, price, and score. In the SN, we extended the “compose-post service” by introducing 2
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Table 2. Experiment Specifications

Specifications

Hardware

Eight-node cluster, each node is a dual-socket DELL PowerEdge R730 server
Each node has two Intel Xeon E5-2630 V4 processors

Each node has 10 physical cores per CPU (20 in total), CPU governor with on-demand,
Each node has 4 channels per CPU (8 channels total) with 256GB of DDR4 RAM,

1Gbps Local Area Network (LAN) bandwidth among nodes

Software

Ubuntu 20.04.2 LTS with kernel 5.11.0-34-generic,
Docker version 20.10.18, Kubernetes version v1.20.4,

Standard Linux kernel network stack (no kernel-bypass),
Default NUMA policy (no explicit optimizations or bindings)

shared microservices that are utilized by 6 call graphs, to support various methods of text filtering
and image compression. These extensions were implemented within each benchmark’s original
framework (e.g., gRPC for microservice communication). The performance difference between
query types is substantial in our testing benchmarks. For shared microservices across different call
graphs, we observe an average variation in CPU demand of 3.8 times and in memory demand of 3.1
times. Their execution latencies also differ by an average of 3.6 times.

We utilize ERMS [30], a resource management system for shared microservices, as the represen-
tative baseline. ERMS can identify queries from different services, but does not identify different
call graphs of services and queries from them, instead merging the call graphs to manage their
resource allocation as a whole. Moreover, ERMS conducts mixed serving in containers of shared
microservices for queries from different services and call graphs. Table 2 summarizes the hardware
and software configurations. In all test cases, the initial load is 70% of the supported peak load
under ERMS [30], and the shared microservices are allocated the minimal required resources when
the query proportions of different call graphs in different services are the same. To form various
scenarios of load proportions of diverse queries, we randomly increase or decrease the loads of
different numbers of services and call graphs by 30%. We test the HR and SN benchmarks under 16
different scenarios, and the results of other scenarios and benchmarks are shown in Section 8.

We define the Lower-Bound resource allocation, which is achieved by separately profiling the
minimal CPU and memory demand of each self-contained call graph in isolation to ensure the QoS
in a brute-force way for each test case. This definition isolates the intrinsic resource demand of each
type of queries with each call graph, providing a clear and reproducible standard to evaluate resource
allocation efficiency, which quantifies the potential gain from perfect query-type-aware isolation.
Moreover, the call graphs in our benchmarks comprise self-contained microservices where each
container encapsulates the entire computations for its function, leaving no unmonitored backend
threads. This aligns with related microservice resource allocation studies [10, 30, 44], ensuring that
the CPU and memory usage we profile for a call graph represents its total resource demand.

Figure 4 shows the CPU and memory usage of ERMS normalized to Lower-Bound. In all test cases,
both ERMS and Lower-Bound can ensure the QoS (99%-ile latency) of diverse types of queries. The
x-axis represents the number of services and call graphs whose loads are changed compared to
the initial state. For instance, (3,7) means the loads of queries from 3 services and 7 call graphs are
changed compared to the initial state. As observed, ERMS uses 56.1% and 53.7% more CPU cores
and memory space, proving the low resource efficiency.

3.3 Diving into the Underlying Reasons
The low resource efficiency is caused by two reasons: ignoring diverse types of queries and resource
contention in mixed serving.
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Fig. 5. The resource allocation of ERMS for each shared microservice. The recomm. is short for recommend.

3.3.1 Ignoring Diverse Types of Queries. Current works cannot identify diverse queries from
each call graph of each service, resulting in resource allocation inefficiency. We take the scenario
(3,7) of the HR as an example here. Other test cases show similar observations.

Figure 5(a) shows the resource allocation of ERMS normalized to the Lower-Bound allocation for
each shared microservice. We can first observe that ERMS allocates more CPU resources to each
shared microservice, especially for the dis, score, and price, which are shared by call graphs in a
service. This is because ERMS cannot identify among queries from different call graphs, and due to
the dynamic nature of call graph loads over time [31, 44], their resource allocation needs to follow
the highest values from historical data. For instance, Figure 5(b) shows the CPU demand of price
across call graphs. The steepest slope curve is selected in ERMS for allocation.

Figure 5(a) also shows that ERMS uses more memory space for all shared microservices, especially
for dis, score, and price. This is because each type of queries in these microservices has the maximum
supported load of a single container. When not identifying queries across call graphs, horizontal
scaling has to be conducted based on the type of queries with the lowest supported load to ensure
QoS for all queries, leading to more startup containers with more memory usage. The resource
allocation difference between ERMS and Lower-Bound of the recomm. (which is also shared by call
graphs) is smaller, as this microservice’s resource usage variations are minimal across call graphs.

The merging of call graphs of ERMS [27] also leads to higher resource allocation. For instance,
price only appears in some call graphs of Recommend hotel service, but it has to be allocated
resources with the service’s total load. Moreover, although still worse than Lower-Bound, we can
find that ERMS has relatively good efficiency for profile, user, and reserve that are shared among
services. This is because ERMS can identify queries across services.

3.3.2 Resource Contention in Mixed Serving. Even if diverse types of queries can be identified,
the mixed serving of them requires complex scheduling policies to decide the serving priority
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of each type of queries. Except for the First Come First Served (FCFS) scheme of the query
mixed serving in shared microservices, current work [30] uses Linux tc [48] to prioritize serving
queries from the service with the shortest latency QoS. In this subsection, we evaluate the resource
efficiency of three mixing schemes, including FCFS, shortest QoS priority (SQP), and longest
QoS priority (LQP). We also take the (3,7) of the HR benchmark as an example.

We first allocate the container number and CPU cores to each shared microservice for the three
mixing methods according to Lower-Bound’s resource allocations. Figure 6 shows the 99%-ile
latencies of HR’s four services of Lower-Bound and the three mixing schemes. We can observe
that all mixing schemes have QoS violations in two services. Since the QoS and resource demands
of various types of queries are different, each type of queries is hard to obtain the required CPU
cores that can ensure its QoS. When resource allocation of shared containers is tight, some types of
queries may not contend for enough resources and thus result in QoS violations. We further try to
increase the resource allocation for microservices in a brute-force way to force QoS compliance
for all services. Evaluation results show that, compared to the Lower-Bound, FCFS, SQP, and LQP
require 22.4%, 22.9%, and 21.6% more CPU cores, while the values for the memory are 23.2%, 23.6%,
and 22.5%.

The above analysis illustrates that we can improve resource efficiency by scheduling diverse
types of queries to different container groups and managing resources for each separately.

3.4 Design Requirements of Delphinus
We design Delphinus to resolve the problems listed above. It schedules different types of queries
to separate container groups and scales their resources independently. However, it is nontrivial to
effectively group and schedule diverse queries.

Firstly, it is infeasible to identify diverse queries and schedule them into different container
groups for each call graph in each service. This is because the call graph of a query that arrives at
the shared microservice is not known at runtime before it is completed [20, 31, 44]. Delphinus
requires a feasible scheme to identify the queries with diverse resource demands and
schedule them with retrievable information at runtime.

Secondly, when the loads of diverse queries change, the resources of shared microservices
should be scaled accordingly. Moreover, the isolated grouping may lead to imbalanced resource
usage among groups, leading to query queues and long tail latency. Figure 7 shows an example
shared microservice that serves two types of queries A and B in isolated groups. When loads of
A and B increase or decrease, they need horizontal scaling (generate or recycle some containers),
respectively. In this case, Group A’s containers are overloaded, while Group B does not fully
utilize its idle containers. Delphinus needs to obtain loads of diverse queries for efficient
scaling and fully utilize idle containers among groups to serve overload queries during the
scaling.
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4 Delphinus Methodology
Figure 8 shows the design overview of Delphinus. It comprises a group-oriented query scheduler
and a borrowing-based load adapter. The query scheduler identifies the queries under two levels
of the service that a query belongs to, and the RPC function it calls at runtime, and monitors
their fine-grained loads. Based on query identifications, the containers of shared microservices
are grouped and queries are scheduled to different container groups. The load adapter periodically
rescales the resources of shared microservices when the loads of diverse queries change. Moreover,
a container borrowing mechanism is enabled to fully utilize idle containers to handle overload
queries during horizontal scaling.

Although the call graph of a query is unknown before it completes, queries across call graphs
could call different RPC functions of the shared microservices that can be known at runtime.
Thus, we propose a two-level runtime query identification scheme to identify queries with diverse
resource demands by their service IDs and called RPC function IDs. Based on this scheme, the
queries are scheduled to separate container groups. The real-time load of each RPC function
of each service is also monitored by using the query counting from the RPC client framework
(Section 5).

When loads of diverse queries change, according to the monitored loads, the adapter scales
horizontally (generates or recycles containers) for shared microservice groups on top of Kuber-
netes [23] with the container number minimized to reduce memory usage, and scales vertically to
allocate the minimal required CPU cores for each shared microservice container. Also, since the
imbalanced resource usage during the scaling, we propose a container borrowing mechanism to
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borrow inter-/intra-grouped idle containers to serve overload queries, to reduce queued queries
and the tail latency (Section 6).

Specifically, Delphinus works in the following steps for an application. (1) It obtains the services,
call graphs, and shared microservices with resource demands from historical online deployment
data. The history of call graphs and resources is collected using Jaeger [21] and Prometheus [47],
respectively. (2)The query scheduler groups shared microservice containers according to the service
and RPC function IDs. (3) When queries arrive at the RPC client of the shared microservice, the
query scheduler identifies them based on their service and function IDs and schedules them to
the appropriate container groups. (4) Meanwhile, to get the loads of diverse queries, a daemon
process that periodically retrieves the query counting data from the RPC framework is initialized
on the master server. (5) When loads of diverse queries change, the master server runs the adapter
to scale shared microservices’ resources, activates the container borrowing to fully utilize idle
containers, and updates the container numbers for shared microservice groups into the query
scheduler.

5 Group-OrientedQuery Scheduler
In this section, we introduce the two-level runtime query identification scheme, as well as the
container grouping and query scheduling based on this scheme.

5.1 Two-level RuntimeQuery Identification
We identify the queries under the levels of the service a query belongs to and the called RPC
functions. Meanwhile, the fine-grained loads of them are monitored by querying counting from the
RPC client framework.

5.1.1 Identifying Queries from Diverse Services. Since queries from different services may have
different computing resource demands for the shared microservices due to different workload
patterns and QoS requirements, we first identify queries from diverse services.

The number of services is generally limited in production applications [30]. Also, the HTTP
URLs which are used to invoke the entering microservice from different services are conveniently
identified [15], e.g., an example HTTP URL for 𝑆𝑉𝐶1 service is “http://entering-ms-ip:port/SVC1?
params”. Thus, our design tries to automate identifications for queries from various services at the
entering microservice and pass identification results through subsequent RPC calls.

As shown in Figure 9(a), for queries from different services entering into the enteringmicroservice,
we first automatically extract the service IDs of them from the distinct HTTP URLs. Then, we embed
the corresponding service IDs in the RPC query headers (e.g., metadata in the gRPC context [18])
for the transmission across subsequent RPC calls among microservices. All the above operations
are encapsulated into an external link library and can be activated by adding one line of code in
the entering microservice. When the query arrives at the Balancer of the RPC client of the shared
microservice, we retrieve the service ID from this query’s RPC header, which will be used to decide
which shared microservice’s container this query will be sent to.

Moreover, we deploy a query counter for different services inside the Balancer of the RPC client
of each shared microservice, e.g., microservice-4’s counter is deployed in the microservice-3’s RPC
client. We monitor the status of different queries from the Interceptor of the RPC client, and when
a query’s status changes to ready, we increment the counter of its corresponding service. The query
identification counters of different services are first obtained (𝐶𝑜𝑢𝑛𝑡𝑒𝑟𝑆𝑉𝐶).

5.1.2 Identifying Queries Invoking Diverse Functions. Since the call graph of a query cannot be
known at runtime until it completes [20, 31, 44], it is infeasible to identify the queries at runtime
directly at each call graph granularity for the microservices shared by call graphs in a service.
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As the queries across call graphs could invoke different RPC functions of shared microservices
with varying resource usage, we identify the queries for each RPC function in each service, as
shown in Figure 9(b). In detail, for a query that arrives at the RPC client of the shared microservice,
we retrieve its invoked RPC function ID from the context information in the RPC client framework
(e.g., the FullMethodName in gRPC [18]). Moreover, we adopt the same method to Section 5.1.1 to
count the query number of different RPC functions in each service (𝐶𝑜𝑢𝑛𝑡𝑒𝑟𝑆𝑉𝐶−𝐹𝑢𝑛𝑐).

An external network port is offered for obtaining the counting data of each RPC function in
each service. Delphinus also periodically retrieves the query counting data, to monitor the load of
queries for each RPC function in each service. The fine-grained loads will be utilized for efficient
resource utilization of shared microservices when loads of diverse queries change (Section 6).

5.2 Container Grouping andQuery Scheduling
Enabled by the two-level query identifications, we aim at serving queries of shared microservices
at the service and RPC function levels, to avoid the mixed serving of different types of queries.

As shown in Figure 10, we first group the containers based on the service IDs for the shared
microservices ( 1 ). For each service group, we then group the containers of each service with
different RPC function IDs ( 2 ). Therefore, the shared microservice’s containers are grouped by the
combination of the service ID and RPC function ID. For each container group, Delphinus maintains
the container number and corresponding IP addresses for the containers.

When a query arrives at the RPC client of a shared microservice, Delphinus initially matches
the ID in the query’s RPC header (added by service identification in Section 5.1.1) with the group
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ID 𝑆𝑉𝐶𝑖 ( 3 ), and then gets the called RPC function ID 𝐹𝑢𝑛𝑐𝑖 from the context information in the
RPC client framework ( 4 ). A container in the group 𝑆𝑉𝐶𝑖-𝐹𝑢𝑛𝑐𝑖 will be chosen to serve this query.
Within each group, the containers are sorted in ascending order by their IPs, and we schedule
queries according to this order to fill up each container, i.e., start to schedule to the next only when
the previous one has queued queries in the RPC client. The purpose of this is to minimize the mixing
of diverse queries in a single container during the container borrowing process (Section 6.2). The
above operations are integrated into the RPC client’s Balancer without modifying the application.

After the horizontal scaling from the load adapter (Section 6.1), the containers of each group need
to be updated. The query scheduler offers a group update interface to receive the new container
numbers for each group ( 5 ). After obtaining the updated group container numbers, the query
scheduler first re-acquires the IPs of all connected containers of the shared microservice, and then
dynamically adds or removes IP addresses of containers in different groups.

It is worth noting that, regardless of whether a microservice is shared among services, call graphs,
or both, Delphinus grouped schedules its queries under the same process shown in Figure 10. When
a microservice exhibits both types of sharing, mixed serving leads to worse QoS and resource
efficiency.Moreover, memory utilization does not benefit from sharing in such cases, since horizontal
scaling should be based on the lowest supported load per query type, requiring lots of containers.

6 Borrowing-based Load Adapter
In this section, we introduce two adaptations when the loads of diverse types of queries change. The
first is resource scaling for shared microservices, to improve the resource allocation efficiency of
shared microservices. The second is the container borrowing to fully utilize idle containers across
isolated groups, which aims at reducing the long tail latency during horizontal scaling.

6.1 Resource-efficient Microservice Scaling
Horizontal and vertical scaling respectively allocate the minimal required containers and CPU cores
for each group of shared microservices based on the monitored loads from query identifications
(Section 5.1), while ensuring the QoS. The QoS breakdown for each microservice is set based on
prior works [30, 54] that enabled the least total resource allocation through an optimal QoS division.

Horizontal scaling is required as a container has a maximum-supported load, specified by
the maximum concurrency of its RPC server. For example, in the gRPC [18], this parameter is
configured by the developer using the grpc.MaxConcurrentStreams() option, which is passed as
an argument when initializing the gRPC server. Developers often set a conservative value not
primarily to define the absolute hardware capacity, but to enforce fault isolation [1, 36, 39]. For
stateful backend microservices (e.g., databases, caches), the concurrency safety for accessing these
shared resources is inherently provided by the backend microservices through their client APIs
(e.g., atomic operations like InsertOne()) and internal concurrency control [4, 32], which do not
introduce additional concurrency constraints that need to be managed. Delphinus first determines
the minimum container number and then scales each container’s CPU cores vertically.

Horizontal Scaling: Its decision is conducted for each container group of each shared microser-
vice, in which a group serves queries that belong to a specific service and call a specific RPC
function. For each shared microservice, we calculate the container number of its 𝐺𝑟𝑜𝑢𝑝𝑖 by its
monitored load 𝑚𝑜𝑛𝑖𝑡𝑜𝑟_𝑙𝑜𝑎𝑑𝑖 divided by the maximum load supported by one container 𝑚𝑎𝑥_𝑙𝑜𝑎𝑑𝑖
as

𝑁𝑢𝑚𝑏𝑒𝑟𝑖 = ⌈
𝑚𝑜𝑛𝑖𝑡𝑜𝑟_𝑙𝑜𝑎𝑑𝑖
𝑚𝑎𝑥_𝑙𝑜𝑎𝑑𝑖

⌉. (1)

The 𝑚𝑜𝑛𝑖𝑡𝑜𝑟_𝑙𝑜𝑎𝑑𝑖 is periodically obtained by the query identifications (Section 5.1). The 𝑚𝑎𝑥_𝑙𝑜𝑎𝑑𝑖
(i.e., QPS) for a container is influenced by the underlying hardware and software stack. We learn
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this value from historical deployment data on the target cluster, under the practical assumption
that the environment is relatively consistent, like other studies [10, 30, 38, 44, 53]. Delphinus can
also adapt to environmental change, as the 𝑚𝑎𝑥_𝑙𝑜𝑎𝑑𝑖 is not a static configuration. If the underlying
hardware or software changes, our continuous online learning mechanism will incorporate new
performance data, allowing us to gradually relearn the new effective capacity of the containers.

Horizontal scaling is then conducted in parallel for shared microservices to reduce the scaling
overhead. To further reduce the latency of cold starts for enabling horizontal re-balancing, Delphinus
includes the container borrowing mechanism that will be introduced in Section 6.2. Following prior
works [10, 30], since microservices are basically sensitive to CPU resources and have relatively
steady memory usage, we allocate each microservice container with fixed memory space.
Vertical Scaling: As queries served in different container groups of a shared microservice can

have various CPU core demands, we establish a prediction model between the load size (QPS) and
resource demand for each container group of each shared microservice to ensure the QoS. Prior
works have demonstrated that the resource prediction of microservices has a linear relationship
with load size with popular microservice benchmarks on their specific hardware [27, 31, 44]. We
therefore predict the CPU core demand from the load size of each container group in each shared
microservice by using an individual Linear Regression (LR) model.

We calculate the total CPU cores for each 𝐺𝑟𝑜𝑢𝑝𝑖 of each shared microservice as

𝑇 𝑜𝑡_𝑅𝑒𝑠𝑖 = 𝑎𝑖 × 𝑚𝑜𝑛𝑖𝑡𝑜𝑟_𝑙𝑜𝑎𝑑𝑖 + 𝑏𝑖. (2)

In this equation, 𝑎𝑖 and 𝑏𝑖 represent the slope and intercept of the LR model of the container group.
Corresponding to filling up each container of query scheduling (Section 5.2), the last container of
the group may not be fully utilized. Therefore, for 𝑚 containers in a group, each of the first 𝑚 − 1
containers is allocated with the maximum CPU cores that it can use, and the last one is allocated
with the remaining resources. Similarly, we also vertically scale the minimal required memory for
the last container in the group according to its realistic demand. In this way, the allocated resources
are fully utilized to serve queries. Moreover, when the total allocated CPU resources are tight and a
group requires vertical scale-up, Delphinus first identifies under-utilized groups that can safely
scale down, reclaims their idle CPU quotas, and reallocates them to the high-demand group, to
enable the vertical balancing among groups.

To obtain the LR models, for each call graph of a benchmark, we profile its resource demand
at 20 evenly spaced loads (from 0 to the system’s maximum capacity). Each load is run for 10
seconds, thus the per call graph profiling time is 200 seconds. The training of the LR model is
highly efficient with less than 150ms per model. Thus, the total profiling time and training data
volume are respectively 33.3/26.7/16.7/13.3 minutes and 48.2/38.5/24.1/19.3KB for HR/SN/EB1/OB.
During online testing, these models achieve high prediction accuracy: 97.1%/95.9%/93.8/98.7% for
HR/SN/EB1/OB on average. The datasets we used for training and for testing are separate and
non-overlapping. We define a test load point as similar to any point in the training dataset if their
relative error is within 10%, and the percentage of similar points is as low as 5.4% on average.

For adapting to online load changes, we employ a continuous online retraining strategy with
a sliding data window. Each group’s LR model is retrained every minute using the most recent
historical data (e.g., past 5 minutes). This update allows the model to adapt to changing loads.
Moreover, we handle the potential prediction errors as follows: First, for prediction higher than
actual demand, since this does not violate QoS, we do not actively correct it, which has a similar
solution to previous work [31]. Otherwise, we actively monitor each microservice’s latency using
Jaeger [21]. If the latency exceeds the QoS, we trigger a feedback-driven correction, i.e., the resource
for that microservice is incrementally increased (e.g., by 5% steps) until the QoS is satisfied. This
mechanism is a standard design, consistent with systems like prior studies [5, 38, 42].
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6.2 Container Borrowing Mechanism
When the loads of queries from some services or call graphs increase, the resource allocation for
some groups of shared microservices is insufficient and queries begin to queue. Due to the isolation
among groups, some other groups that have idle resources cannot be used, leading to imbalanced
container usage. Since the time overhead of resource scaling (especially scaling-out containers)
is non-negligible [26, 50], this can lead to lots of queued queries and long tail latency during the
scaling. As shown in Figure 11, we therefore design the container borrowing mechanism.

For inter-group container borrowing, we directly move the idle containers from the groups whose
loads decrease to the groups whose loads increase ( 1 ). This can effectively reduce the overhead
to start new containers, thereby reducing query queuing. The container moving among groups is
realized by changing the routing of different queries to different sets of containers. Secondly, we
borrow containers with idle resources from other groups to serve queries from the groups that
require scaling out ( 2 ), to reduce the number of queued queries. As we fill each container in a
group in order during query scheduling, one container in each group may have spare capacity.
A borrowed container is utilized until it is fully depleted, i.e., the query queue starts to occur
for it.

For intra-group container borrowing, we schedule newly-arrived queries to the containers in a
group in a query queue-balancedmanner when the loads of this group are excessive ( 3 ). Specifically,
we monitor the query queue lengths of different containers inside a group at runtime and prioritize
scheduling the next query to the container with the shortest query queue. The queue length is used
only within groups serving a single query type, where execution latency is highly consistent. The
Coefficient of Variation of latency within groups is only 1.71%. Thus, within this homogeneous
context, queue length is a direct and reliable measure of remaining workload. In this way, containers
with long queues can quickly drain queued queries, and all containers inside the group are fully
utilized. This decreases the queued query draining time and tail latency after the loads change.

Taking examples in Figure 11, 𝐺𝑟𝑜𝑢𝑝𝐴 needs to scale-out to 4 containers while 𝐺𝑟𝑜𝑢𝑝𝐵 scales-in
to 3 after loads change. The container 𝐵4 is directly move from 𝐺𝑟𝑜𝑢𝑝𝐵 to 𝐺𝑟𝑜𝑢𝑝𝐴 and 𝐺𝑟𝑜𝑢𝑝𝐵’s
last container 𝐵3 can also be borrowed by 𝐺𝑟𝑜𝑢𝑝𝐴. After 𝐴4 is started, more queries are scheduled
to it as the old containers already have lots of queues, until the queued queries are balanced.

Each part of this mechanism is low-overhead and activated only in its specific scenario. In detail,
1 activates only when a group has completely idle containers (i.e., after load decrease), 2 activates
only when a group has containers operating below capacity, and it provides temporary capacity
to an overloaded neighbor group; 3 activates only after a group scales up with new containers,
to quickly distribute loads of queries. The overhead for each part is negligible, as it involves only
updating the routing of queries to different containers, which takes less than 0.15ms for each query.
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Moreover, we measured the overhead of routing changes for the potential loss of data locality (e.g.,
cache state not being available in the new container). Results show that it introduces only 4.8ms of
additional latency on average across our benchmarks. This is negligible compared to typical query
execution time (hundreds of milliseconds). The overhead is low since: (1) containers are typically
deployed within the same cluster with sufficient network bandwidth in the cloud [10, 30, 44]. (2)
most microservices are stateless [28, 31] in production cloud, thus data locality is not a concern.

7 Implementation of Delphinus
For query scheduling, Delphinus extracts the service ID from each query’s HTTP URL and embeds it
into the RPC query header. It is encapsulated into an external link library and activated with just one
line of code in the entering microservice. Delphinus utilizes persistent gRPC connections, which are
consistent with standard microservice communication practices. These persistent connections are
managed within the gRPC client-side load balancing framework. We have implemented a custom
Picker interface [6, 37] in the Balancer of the RPC client framework [18]. It is not implemented as
a separate microservice, but to replace the default scheduling policy (e.g., round-robin) to realize
group scheduling of diverse queries. This implementation has little application code invasiveness.

Regarding load balancing, our custom Picker first routes different types of queries to their
respective container groups, and then performs load balancing within each group by selecting
an appropriate server from the available connection pool. Since HTTP/2 used by gRPC supports
multiplexing, multiple queries can be processed concurrently over a single connection. This ensures
that the connection persistence does not constrain load balancing decisions, i.e., the Picker can
freely direct new queries based on real-time load, regardless of existing long-lived connections.

For the loadmonitoring, we collect loadmetrics by querying the counter API within the RPC client
framework (Section 5.1) every 5 seconds. This operation is lightweight with an overhead of about
7ms per sampling interval. The choice of a 5-second interval is justified since: (1) existing systems
typically perform reactive resource adjustments at the scale of tens of seconds to minutes [10, 30, 31].
(2) Our analysis on Alibaba traces [31] shows that the load change at a 5-second interval is 38.6%,
whereas it drops to 28.1% at a finer 1-second interval. This indicates that 5 seconds effectively
captures the relevant dynamics without being overly sensitive to noise. Moreover, the monitoring
is designed for our scheduling granularity, i.e., the aggregate load for each container group.

For the microservice scaling, Delphinus re-allocates resources based on periodically monitored
microservice loads like prior works [30, 38, 44]. It is built onKubernetes (K8S) [23] with horizontal
scaling (generating or recycling containers) of microservices enabled by the K8S deployment module.
For vertical scaling (adjusting CPU and memory for containers), Delphinus uses Linux cgroups [8]
like prior works [25, 43, 53]. Moreover, we adopt the resource-balanced mapping method from
ERMS [30], which tries to equalize resource utilization across all servers. This approach effectively
prevents any single server from becoming overloaded quickly. The server-microservice mapping
does not affect Delphinus’s effectiveness in optimizing resource efficiency for shared microservices.
This is because the mapping operates at the deployment level while Delphinus’s optimization
targets runtime query scheduling. These two aspects of optimizations are orthogonal.

8 Evaluation of Delphinus
In this section, we first evaluate Delphinus’s resource efficiency under the QoS guarantee, then
explore each module’s effectiveness and its stability on production traces.

8.1 Evaluation Setup
Table 2 shows the experimental platform. We evaluate the HR, SN, EB1, and OB benchmarks on an
eight-node cluster. Five nodes deploy microservices, one node hosts the K8S master and Delphinus,
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and two nodes generate loads. Following prior microservice management works [30, 44, 53], the
QoS targets of different services in our benchmarks are set in the range of 50ms to 300ms.

Same to Section 3.2, the initial total load is 70% of the supported peak load of our cluster, and
shared microservices are allocated the minimal required resources when the query proportions
of different call graphs in different services are the same. The “minimal required” refers to the
minimum CPU and memory allocation required for a microservice to meet its QoS when profiled
under the initial load level. We selected this load level to ensure all experiments commence from
a highly utilized and stable system state. The peak load for each benchmark is determined as the
maximum query rate at which QoS targets are consistently met. The specific initial loads of HR, SN,
OB, and EB1 are 6,000, 1,600, 1,500, and 3,000 queries per second.

Establishing this initial load allows us to subsequently vary the query mix ratios among different
call graphs to simulate realistic dynamic scenarios. Thus, we adjust the loads of different numbers
of services and call graphs to form various scenarios. For a benchmark with 𝑁𝑠 services and 𝑁𝑔
call graphs, we test all combinations of load changes from 0 to 𝑁𝑠 services and from 0 to 𝑁𝑔 call
graphs. The load for each changed service or call graph is randomly increased or decreased by 30%.
In Figures 12, 13, 16, 17, and 18, the x-axis shows the number of services and call graphs with load
changes, e.g., (3,7) represents 3 services and 7 call graphs.

We compare Delphinus with two state-of-the-art systems ERMS [30] and Nodens [44]. ERMS
mixed queries from different services and call graphs in the same containers of shared microservices.
It does not identify queries from different call graphs and merges the call graphs to manage their
resources uniformly. Except for the same mixed scheme, Nodens fine-grained monitors the load
of each microservice for efficient resource allocation, but cannot identify queries from different
services and call graphs. Moreover, ERMS and Nodens conduct only horizontal and vertical scaling,
respectively. We optimize them to first vertical scale, and horizontal scale only when containers
cannot support the loads. For fair comparisons, we set the same monitor interval (5 seconds) and
the same container memory (100MB) for Delphinus and baselines.

We built an open-loop load generator to generate various loads for different services and call
graphs, with the Gaussian distribution for the query inter-arrival times. Each load-generator thread
produces a sequence of 250 queries per second based on this distribution, and we employ multiple
concurrent threads for higher loads. We select this distribution since production microservice
analysis found that inter-arrival patterns can be well approximated by a Gaussian distribution [29].

For each testing case, we apply a 1-minute workload and repeat 20 times per case, taking the
average as the final result. Moreover, since popular academic benchmarks lack time-varying traces
and diverse types of query mix ratios, we construct new benchmarks in Sections 8.9 and 8.10
directly from the Alibaba trace [31] to evaluate performance under production-like patterns. In
detail, we evaluated Delphinus and baselines using a 24-hour trace under 4 different QoS target
settings (Figures 19 and 20). Since each case required 24 hours to complete, no repetitions were
conducted.

8.2 High Resource Efficiency under QoS Guarantee
We first evaluate Delphinus on resource efficiency while ensuring the QoS of diverse types of
queries. We show typical test cases for the 4 benchmarks here and other cases show similar results.

Figure 12 shows the CPU and memory usage of Delphinus and baselines. As observed, Delphinus
uses the least CPU cores (i.e., best vertical scale efficiency) in all cases, with an average reduction
of 40.1% and 35.9% (22.5 and 20.1 cores) compared to ERMS and Nodens, respectively. Moreover,
Delphinus reduces the memory usage (i.e., container number) in all cases, with an average reduction
of 36.4% and 32.9% (616.3 MB and 557.3 MB) compared to ERMS and Nodens, respectively. It shows
that Delphinus has higher horizontal scale efficiency.
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Fig. 12. The CPU and memory usage of benchmarks with Delphinus and Nodens normalized to ERMS.
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Fig. 13. The 99%-ile latency of benchmarks normalized to the QoS target with different systems.

The solid lines in Figure 13 show the 99%-ile latency under the resource allocation with Delphinus,
ERMS, and Nodens, respectively, normalized to the QoS target of diverse queries. As shown, all
systems can guarantee the latency QoS in all test cases. We can also observe that Delphinus
has the 99%-ile latency that is closer to the QoS target. This is because Delphinus can more
efficiently allocate computing resources to shared microservices than baselines while ensuring
the QoS.

Delphinus can bring higher efficiency for the benchmarks with more shared microservices, more
types of queries, and the resource usage of different types of queries showing higher diversity.
For instance, EB1 has better resource efficiency with Delphinus in Figure 12, because the resource
usage of different types of queries of it can vary by 1.8× on average. Delphinus also shows superior
efficiency for dominant sharing microservices. Taking the “ms-14” from EB1 as an example, Delphi-
nus’s CPU efficiency on it improves by 80.7% and memory efficiency improves by 81.1% compared
to ERMS, while those values are 72.4% and 76.3% compared to Nodens.

As statistics of other test cases except the above typical ones, Delphinus also reduces CPU and
memory usage by 37.3% and 33.9% on average under QoS compared to ERMS, and 33.4% and 30.8%
compared to Nodens while ensuring the QoS. These results are consistent with the typical cases.
As shown in Figure 14, Delphinus also improves the peak throughput by 1.7× and 1.5× on average
with the same eight-node cluster compared to ERMS and Nodens. At the supported peak load
of Delphinus, Delphinus ensures the QoS while ERMS and Nodens violate the QoS by 2.4× and
1.8×.

Moreover, to make a more apples-to-apples comparisons, we further allocate the same amount
of resources determined by Delphinus to the two baselines. As ERMS-H and Noden-H in Figure 13,
ERMS and Nodens result in 1.36× and 1.33× QoS violations, respectively. For each testing case in
Figure 13, we also further selected the lowest latency achieved by Nodens and ERMS as the QoS for
Delphinus and re-ran the experiments. Results show Delphinus still averagely uses 27.5% less CPU
and 18.3% less memory compared to ERMS, and 22.2% and 13.8% compared to Nodens.

The above results are because, when diverse queries are served in a shared resource pool, it is
hard for baselines to allocate resources dynamically to ensure each query type receives appropriate
resources to meet its specific QoS. With the lack of fine-grained resource control, resources like
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CPU cycles cannot be precisely allocated and isolated per query type. Thus, when allocating the
tight resources determined by Delphinus to baselines, they cannot ensure the QoS of all types of
queries, and thus require more resources to achieve the same latency performance.

At last, to evaluate Delphinus’s effectiveness for dynamic memory usage of diverse types of
queries, we also evaluated using an LR model to predict memory demand based on load like pre-
vious work [27] and performed vertical scaling accordingly for each container. Results show
that Delphinus also reduces the memory usage by 28.7% and 20.6% compared to ERMS and
Nodens.

8.3 Diving into the High Resource Efficiency
We use an example (2,4) of the HR to better explain Delphinus’s advantages on shared microservices.
Figure 15 shows the CPU and memory allocation to each shared microservice.

For profile, user, and reserve microservices that are shared among services, Delphinus has the least
CPU and memory, as it identifies queries from services and schedules them to different container
groups. Since ERMS mixed queries from different services, it uses more resources than Delphinus.
Nodens not only fails to identify queries from services but also serves them together, hence showing
the lowest efficiency. For dis, score, price, and recommend microservices that are shared among
call graphs in a service, Delphinus also uses the least resources as it identifies queries for different
call graphs and schedules the queries to different groups. Nodens uses more resources as it cannot
identify different types of queries from call graphs. ERMS has the worst resource efficiency as it
merges call graphs and allocates resources based on the total load of the corresponding service.

8.4 Effectiveness of theQuery Type Identification
In this section, we show the performance of Delphinus-woq, a variant of Delphinus that disables
query type identifications (Section 5.1). Since service or function grouping is dependent on the
prior identification of different types of queries across services or functions, the group scheduling
(Section 5.2) is also disabled, and diverse queries are served together in shared microservices.

The left part of Figure 16 shows the CPU and memory usage of all test cases with Delphinus-
woq normalized to Delphinus’s. As observed, the CPU and memory usage of Delphinus-woq are
2.9× and 3.0× on average compared to Delphinus’s, respectively. Without query identifications,
to ensure the QoS, each shared microservice is allocated based on the application’s total load
and the type of queries with the maximum resource demand. Moreover, horizontal scaling needs
to be performed based on queries with the minimum single-container-supported load. We can
also find that Delphinus-woq has worse resource efficiency for HR and EB1. This is because the
shared microservices of them exhibit significant resource usage differences for different types
of queries.
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Fig. 16. The resource usage of Delphinus-woq and Delphinus-wog normalized to Delphinus, respectively.

8.5 Effectiveness of the Group Scheduling
In this subsection, we show the performance of Delphinus-wog, a variant of Delphinus that disables
the group scheduling of queries (Section 5.2). Although different types of queries can be identified,
they are served together in the same containers. This makes the resource allocation based on
Section 6.1 fail to guarantee the QoS. Thus, we use brute-force profiling in Delphinus-wog to find
the minimal required resources for each shared microservice.

The right part of Figure 16 shows the CPU and memory usage of Delphinus-wog in all test cases
normalized to Delphinus. We can observe that Delphinus-wog requires 1.2× and 1.2× CPU and
memory resources on average, respectively, compared to Delphinus. Without the grouped schedul-
ing, different types of queries are served together in the same containers of shared microservices,
which needs more CPU cores and containers to ensure the QoS of all query types. Moreover, we
can observe that Delphinus-wog performs better than Delphinus-woq on the resource allocation.
This is because Delphinus-wog identifies diverse types of queries from services and call graphs,
which is the basis of grouped scheduling and efficient resource allocation.

We also further evaluate the latency of Delphinus-wog when allocating the same amount of
resources as Delphinus to it. Results show Delphinus-wog suffers an average QoS violation of 2.4×.

8.6 Effectiveness of the Service Identification and Group Scheduling
In this subsection, we show the performance of Delphinus-wos, a variant of Delphinus that dis-
ables the query type identification only at the service level. With Delphinus-wos, the queries to
diverse services cannot be identified and these queries are served together in the same containers,
but queries from diverse RPC functions can be identified and scheduled to different container
groups.

The left part of Figure 17 shows that Delphinus-wos uses more CPU and memory in all test
cases, with an average increase of 2.2× and 2.4× compared to Delphinus, respectively. When not
identifying queries from different services, the microservices shared by different services have low
resource efficiency. The reasons lie in the fact that these microservices have to be allocated CPU
cores based on the service with the maximum demand, while horizontal scaling should be conducted
based on the minimum single-container-supported load. For some special cases, Delphinus-wos
in EB1 equals as Delphinus, since EB1 only has a single service and service identification does
not work. Moreover, Delphinus-wos’s resource usage is the same as Delphinus-woq’s for the OB.
This is because the services in OB do not have multiple call graphs with diverse RPC functions,
thus even though Delphinus-woq further disables RPC function identification, it does not make
a difference.

We also exploit the synergism between mechanisms with the resource usage increase breakdown
of: 1© service type identification, and 2© group scheduling according to service types. On average,
1© and 2© increase CPU usage by 2.05× and 1.12×, contributing to 89.7% and 10.3% of the total
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Fig. 17. The resource usage of Delphinus-wos and Delphinus-wof normalized to Delphinus, respectively.

increase, respectively. For memory, they increase by 2.29× and 1.15×, i.e., contributing 89.6% and
10.4%, respectively. These results confirm that both components are essential, with identification
being the primary contributor as it is the basis of group scheduling.

8.7 Effectiveness of the RPC Function Identification and Group Scheduling
In this subsection, we show the performance of Delphinus-wof, a variant of Delphinus that disables
the query identification only at the RPC function level. With Delphinus-wof, the queries to diverse
RPC functions cannot be identified and these queries are served together in the same containers.

The right part of Figure 17 shows the CPU and memory usage with Delphinus-wof normalized
to Delphinus. As observed, Delphinus-wof has larger CPU and memory usage in all the test cases,
which is 1.7× and 1.6× on average of Delphinus’s, respectively. When not identifying various RPC
functions, the microservices shared by queries across call graphs within the same service still have
resource inefficiency. This is because the CPU cores of these microservices can only be allocated
based on the RPC function with the maximum demand, and the horizontal scaling needs to be
performed according to the minimum single-container-supported load. Delphinus-wof’s resource
usage in EB1 is equal to Delphinus-woq. This is because EB1 only has one service, and there are no
differences in whether service identifications exist. Moreover, Delphinus-wof equals Delphinus in
OB, as the services in OB do not have multiple call graphs.

We also break down the resource usage increase of: 1© RPC function type identification, and
2© group scheduling according to RPC function types. Results show that 1© and 2© averagely
increase the CPU usage by 1.61× and 1.08×, i.e., contributing to 88.4% and 11.6% of the total increase,
respectively. For memory, they increase by 1.47× and 1.10×, i.e., contributing to 82.5% and 17.5%,
respectively. These results demonstrate that both components are crucial to resource efficiency.

8.8 Effectiveness of the Container Borrowing
Since separate groups may lead to long tail latency after loads change, we evaluate the in-process tail
latency of Delphinus-wob, a variant of Delphinus that disables the container borrowing mechanism.
The in-process tail latency is the 99%-ile latency of queries during the scaling. We also investigate
the QoS recovery time, which represents the time needed to recover the QoS after dynamics [44].

Figure 18 shows the in-process tail latency and QoS recovery time of Delphinus-wob normalized
to Delphinus. Compared to Delphinus, the in-process tail latency and recovery time are increased in
all test cases, with an average increase of 4.0× and 2.5×, respectively. When the container borrowing
mechanism is disabled, lots of queries are queued during horizontal scaling due to imbalanced
resource usage across container groups. These results demonstrate that Delphinus solves the
problem of imbalanced resource utilization across isolated groups when the loads change.

Moreover, we break down the performance decreases of Delphinus-wob. Corresponding to
Figure 11, the tail latency and QoS recovery time respectively increase to 1.7× and 1.8× without 1 ,
1.9× and 1.3× without 2 , and 2.4× and 1.4× without 3 , on average compared to Delphinus. This
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Fig. 18. The tail latency and recovery time of Delphinus-wob normalized to Delphinus, respectively.
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Fig. 19. The resource usage of Delphinus and baselines on TraceBench and ComplexBench with one-day traces.

breakdown confirms that no single mechanism is redundant, each addresses a distinct performance
bottleneck.

8.9 Evaluations Using Production Traces
In this subsection, we select the service with shared microservices that has the largest number of
queries in the Alibaba microservice trace [28, 31], which has 8 microservices, 8 call graphs, and 3
microservices shared among call graphs in this service. According to its call graphs, we construct a
benchmark (TraceBench) by using gRPC [18], and adopt commonly-used workloads (e.g., Page Rank
and Word Stemming) for it. The above constructions are the same to prior microservice scheduling
studies [33, 34, 44]. We evaluate this benchmark with a one-day trace. The load on this day is lower
during 0h-8h and higher during 8h-24h, averaging 515.1 and 2119.4 queries per minute, respectively.

Figure 19(a) shows the CPU core usage of Delphinus, ERMS, and Nodens evaluated on TraceBench
with the one-day traces. Under the QoS (300ms) of all systems during the 24 hours, Delphinus
reduces the CPU core usage in both low-load and high-load periods. As shown in Figure 19(b),
the total CPU core hours during this day of Delphinus/ERMS/Nodnes are 242.4/938.4/326.4, thus
Delphinus reduces the CPU usage by 74.2%/25.7% compared to ERMS/Nodens. Memory usage shows
a similar trend to CPU, as statistics in Figure 19(b), Delphinus reduces memory usage by 65.9% and
17.1% compared to ERMS and Nodens, respectively. The memory efficiency is slightly lower than
CPU, as we remain at least one container for each group, which may waste some memory at low
loads.

The baselines serve the queries of shared microservices in a shared resource pool, which cannot
allocate different types of queries with fine-grained resources. ERMS has the worst resource
efficiency, as this benchmark constructed from traces only has microservices shared among call
graphs. ERMS merges all call graphs to allocate resources for each microservice shared across call
graphs with the total service load. Therefore, it also has worse resource usage results compared to
benchmarks in Section 8.2 (with microservices both shared by services and call graphs).
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Fig. 20. The resource usage and 99%-ile latency for evaluations of TraceBench on one-day traces under various
QoS targets. The D and N are short for Delphinus and Nodens, respectively.

Moreover, to investigate even more complex topologies, we merged the top two services by
query volume from the Alibaba trace [31] to generate the ComplexBench. It consists of 2 services,
9 call graphs, 25 microservices, 9 microservices shared across different call graphs, and 2 shared
across different services. Using the same 24-hour trace, as the statistics shown in the Figure 19(b),
Delphinus reduces CPU usage by 50.4% and memory usage by 39.2% compared to ERMS, and the
values are 43.7% and 20.6% compared to Nodens, while ensuring the QoS. These results demonstrate
that Delphinus also has better efficiency with more complex production-level microservice call
graphs.

8.10 Handling Different Latency QoS Targets
In this subsection, we evaluate Delphinus’s effectiveness on QoS and resource efficiency under
different latency QoS targets, by using the TraceBench on the same 24-hour traces as Section 8.9.

The left part of Figure 20 compares resource usage between Delphinus and baselines under
different QoS targets. Delphinus reduces CPU usage by 67.4%–74.2% and memory by 63.2%–66.4%
compared to ERMS, and by 25.7%–36.4% and 16.6%–20.5% compared to Nodens. The right part
shows the 99%-ile latency under different QoS targets. All systems ensure the QoS, but Delphinus
consistently stays closer to the QoS due to its higher resource efficiency.

Changing QoSs inherently alters resource demands for each type of queries at the same load.
Delphinus can adaptively fit load-to-resource prediction models for each type of queries of shared
microservices under different QoS targets. It identifies each type of queries and schedules them to
separate container groups, enabling minimal resource allocation at any given QoS. By contrast,
ERMS and Nodens mix query serving at shared microservices and have to over-provision resources
based on the highest-demand query type to ensure QoS. This is why they stay far below QoS, while
Delphinus stays close. Thus, Delphinus ensures any QoS with similar efficiency gains.

8.11 Overhead of Delphinus
Delphinus’s overhead can be classified into per-query overhead and resource re-scaling overhead.

For the scheduling of each query, the operation to retrieve the service ID from the RPC header
and perform the routing lookup is highly optimized, which processes only 18 bytes of metadata
and introduces a low additional latency of 0.18𝜇s on average. In total, the decision of the query
identification and scheduling can be done within 0.15 ms in the query scheduler, which has a similar
overhead to the default Round-Robin strategy. For the resource re-scaling that operates every
5 seconds, the time overhead is about 7 ms to get the loads of each RPC function in each service
from query identifications, about 5ms for scaling decisions and enabling container borrowing in
the load adapter, and less than 10ms for updating the container numbers for shared microservice
groups.

For the horizontal scaling, we leverage standard Kubernetes [23], whose overhead is a well-
studied platform-level issue, and solutions like lightweight container [2, 26] are orthogonal to our
work. Moreover, Delphinus’s container-borrowing mechanism directly mitigates this overhead by
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redistributing idle containers to overloaded ones. In our evaluations, the average startup time for a
new container is about 230 ms. For the vertical scaling of re-configuring resources, we directly utilize
cgroups [8] without pod recreation. Each update completes in less than 1ms in our evaluations.

The above overheads are acceptable since (1) the added latency for query routing and scheduling
(about 0.15 ms) is orders of magnitude smaller than the typical execution time of a query (hundreds
of milliseconds). (2) The resource re-allocation runs every 5 seconds. The time to collect data
and make a scaling decision is only 22 ms in total, which is insignificant relative to this time
interval.

9 Conclusion
In this article, we propose Delphinus to enable efficient resource management of shared microser-
vices while ensuring the QoS of diverse queries. Delphinus’s query scheduler introduces a two-level
scheme to identify queries with diverse resource demands according to their service and RPC func-
tion IDs. Based on this scheme, diverse queries are scheduled to separate container groups of shared
microservices. Delphinus’s load adapter efficiently scales resources for the shared microservices
and fully utilizes idle containers among shared microservice groups when loads of diverse queries
change. We have implemented Delphinus and evaluation results show that Delphinus reduces
the CPU and memory resources by 40.1% and 36.4%, respectively, compared to state-of-the-art
works.
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