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Abstract

The deployment of large-scale data analytics between on-
premise and cloud sites, i.e., hybrid clouds, requires careful
partitioning of both data and computation to avoid massive
networking costs. We present Moirai, a cost-optimization
framework that analyzes job accesses and data dependen-
cies and optimizes the placement of both in hybrid clouds.
Moirai informs the job scheduler of data location and access
predictions, so it can determine where jobs should be exe-
cuted to minimize data transfer costs. Our optimizer achieves
scalability and cost efficiency by exploiting recurring jobs
to identify data dependencies and job access characteristics
and reduces the search space by excluding data not accessed
recently.

We validate Moirai using 4-month traces that span 66.7M
queries accessing 13.3EB from Presto and Spark clusters
deployed at Uber, a multi-national transportation company
leveraging large-scale data analytics for its operations. Moirai
reduces hybrid cloud deployment costs by over 97% rela-
tive to the state-of-the-art partitioning approach from Al-
ibaba and other public approaches. The savings come from
95-99.5% reduction in cloud egress, up to 99% reduction in
replication, and 89-98% reduction in on-premises network
infrastructure requirements. We also describe concrete steps
being taken towards deploying Moirai in production.

CCS Concepts: « Computer systems organization —
Cloud computing; « Information systems — Data man-
agement systems.

Keywords: Hybrid clouds, Cost-efficiency

TWork done while at Carnegie Mellon University.

Permission to make digital or hard copies of part or all of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. Copyrights for third-
party components of this work must be honored. For all other uses, contact
the owner/author(s).

SOSP °25, October 13—16, 2025, Seoul, Republic of Korea

© 2025 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-1870-0/2025/10
https://doi.org/10.1145/3731569.3764802

On-premises

|ﬂ'

1500K
AN Egress
M Replication
B Network

-
N
=

—~ 1200K

900K

anend qor

600K
393K

Weekly Cost ($

Vo E

300K

12K

0
No Rep Rep 3Mon. Yugong  Moirai
(Spotify) (Twitter) (Alibaba) (Our)

Public cloud

(a) Moirai Architecture (b) Placement approach costs

Figure 1. (a) Moirai dynamically and continuously optimizes
job (circles) and data (squares) placement in hybrid clouds,
using a feedback loop. (b) Moirai reduces cost by 97% com-
pared to Alibaba’s Yugong, the state-of-the-art, when run on
4-month traces of Uber’s Presto and Spark services (right).

1 Introduction

Hybrid cloud deployments, combining on-premises data cen-
ters with public cloud resources, have become common as
large organizations seek benefits like load bursting, more ag-
ile growth paths, and access to new technologies with smaller
investments [1-9]. The division of resources differs between
organizations and can change over time, e.g., as an organi-
zation seeks to migrate incrementally off-premises [4, 6]. In
any case, dollar cost efficiency will be heavily influenced by
the placement of data and compute work. For modern data-
intensive workloads, co-optimizing data and computation
placement is especially important for cost efficiency [10, 11].

Early proposals for the placement configuration of hy-
brid cloud suggested simplistic data partitioning without
replication, targeting data-light jobs [4, 12, 13]. For modern
data-heavy workloads, such an approach leads to increased
dollar costs from cloud-egress and on-premises networking
requirements, as confirmed by Spotify’s experience while
progressively migrating to the cloud [4, 14] and illustrated
in Figure 1b (No Rep bar). Subsequent efforts, including Twit-
ter [7, 15, 16], used extensive replication of data at both sites,
which reduced communication costs at the expense of signif-
icant storage capacity costs. We find that the weekly cost for
replicating the last 3 months of data alone (Rep 3Mon), which
covers most accesses [10, 17, 18], is lower but still quite high.

Yugong [10], the public state-of-the-art introduced by Al-
ibaba for minimizing cross-datacenter bandwidth in their
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private cloud, models project placement (where a “project” is
a grouping of jobs and data by human organizational associa-
tion) and table replication using Mixed Integer Programming
(MIP) with fixed replication budgets. Adapted for hybrid
clouds—by incorporating flexible replication and account-
ing for egress fees—Yugong achieves better placements than
prior methods (Figure 1b), but the dollar costs remain large.

We identify opportunities for improvement by collecting
and analyzing large-scale hybrid cloud analytics workloads
from Uber, a multi-national transportation company using
large-scale data analytics for operations. Our analysis spans
66.7M Presto queries and Spark jobs accessing 13.3EB of data
from a 300PB corpus, logged over four months. We identify
high interconnectivity, moderate job template recurrence,
and continuous growth, creating a challenging optimization
problem. Importantly, while data and job grouping is impor-
tant to reducing optimization complexity, Yugong’s reliance
on human organizational structure for grouping does not fit
with the dynamic cross-organization data sharing seen at
Uber and in the recent study of Microsoft Cosmos [19].

Moirai! is an optimization framework that improves cost
efficiency in hybrid cloud deployments. It formulates an MIP
problem with the goal of minimizing dollar costs, including
cloud-egress, replication storage, and network link provi-
sioning, given operational constraints such as on-premises
capacity and inter-site bandwidth limits. Unlike prior ap-
proaches, Moirai informs its optimization by online analysis
of job logs and associated per-job data accesses. To scale to
large infrastructures like Uber’s, Moirai applies a novel com-
bination of optimization refinements, reducing the problem
space with characteristics seen in the logs: grouping jobs
based on query template similarity, pruning tables not ac-
cessed in the last week, and pre-selecting the most commonly
needed tables for replication. For job placement, Moirai opti-
mizes recurring jobs and uses a per-table access-size predic-
tor to minimize remote fetches for new jobs. Finally, Moirai
adapts to dynamic workloads by periodically reevaluating
placement decisions, accounting for shifting data, job pat-
terns, and resource availability—critical in environments like
Uber’s, where ~50% of weekly jobs are new, rather than
recurrences of jobs seen in the previous week.

We evaluate Moirai, and justify its design aspects, in a
trace-driven evaluation using traces of Uber’s large-scale
Presto and Spark clusters. Under a hybrid split where 50%
of resources are on-premises and 50% in the cloud, which
we find to be one of the most difficult splits to solve, Moirai
achieves a 97% cost reduction over Yugong (Figure 1b). These
savings come from 95-99.5% reduction in cloud egress, up
to 99% reduction in replication, and 89-98% reduction in on-
premises network infrastructure requirements. Similar cost
savings are observed for other hybrid splits. Our evaluations

!Moirai is named for the three Fates of Greek mythology—Spinner, Alloter,
and Enactor—and Moirai reuses these names for its components.

also show how Moirai’s awareness of the data movement
involved in data repartitioning reduces costs significantly
over time as the fraction of resources on each side changes.
Finally, we also describe our experiences creating a scalable
data collection infrastructure at Uber that can provide Moirai
with the necessary inputs and concrete steps being taken
towards deploying Moirai in production at Uber.

Contributions. (1) We present the first large-scale analy-
sis of hybrid cloud analytics workloads, and plan to publicly
release the traces used. (2) We introduce and open-source
Moirai, an optimization framework for data and job place-
ment in hybrid clouds that introduces a new optimization
problem formulation, which reduces cost by over an order of
magnitude relative to the state-of-the-art. (3) We introduce
a new job routing approach that uses historical per-table
access-sizes to predict and minimize remote data access. (4)
We show Moirai’s effectiveness through evaluations driven
by traces collected at Uber. (5) We describe our experiences
creating a scalable infrastructure to deploy Moirai in produc-
tion at Uber.

We intend to release the simulator code and the traces
used in this work and the progress can be tracked at [20].

2 Challenges in Hybrid Cloud Adoption

This section outlines key cost considerations for hybrid
clouds (§2.1) and highlights limitations of existing approaches
for hybrid cloud deployment (§2.2).

2.1 Costs associated with hybrid clouds

Hybrid cloud deployments can incur substantial data egress,
cross-cloud network traffic, and replication costs.

Hybrid cloud adoption. A recent report indicates that
85% of current IT spending is still allocated to on-premises
technology [21], which suggests that there is potential for
significant growth in cloud adoption. Yet, many companies
like Uber [6], Twitter [7], Spotify [4], and Netflix [3] have
begun or completed their journeys toward cloud adoption.
Cloud adoption offers well-known benefits such as scalabil-
ity, flexibility, accessibility, and potential cost savings [22].
Still, many enterprises face a prolonged hybrid state [3, 4, 7],
referring to a scenario where some jobs and data are kept
on-premises, while others are in the cloud. This hybrid state
can persist throughout phased migration plans (e.g., two
years for Spotify) or even be the intended permanent state.

Hybrid cloud is increasingly a long-term architectural
choice. Companies like Walmart have adopted hybrid de-
signs combining edge, on-premises, and cloud platforms
for performance and cost benefits [23], while Dropbox has
shifted workloads between on-premises and cloud within a
persistent hybrid setup [24]. With on-premises infrastruc-
ture unlikely to disappear, hybrid is becoming the prevailing
state for many organizations.

Costs of egress and dedicated network links. Cloud
egress fees (9-11¢ per GB) quickly accumulate for data lake



’ Service \ AWS \ Azure \ GCP ‘

Egress to Internet (/GB) 9.0¢ 8.7¢ | 11.0¢
Dedicated 100Gbps link (/hour) | $22.5 | $47.2 | $23.3
+ Egress traffic (/GB) +2.0¢ | +2.5¢ | +2.0¢
Object storage (/GB-month) 2.1¢ 1.7¢ | 2.3¢

Table 1. Pricing of three public cloud providers. Egress to
Internet prices for N. Virginia region. Egress over dedicated
links is priced for connections within N. America [27-29].

workloads processing petabytes weekly [25, 26] (Table 1).
While cloud egress pricing may seem modest on a small
scale, transferring just 1PiB of data can cost up to $115,000.
At scale, the egress costs are substantial. In the meantime,
to manage such large-scale data transfers, enterprises often
require dedicated high-speed links, as high as 160 Gbps for
Spotify [4] and 800 Gbps for Twitter [7]. The monetary cost of
dedicated links is significant for both the on-premises uplink
and for cloud access. For example, GCP charges for dedicated
circuits include both a port fee ($23.28 per hour per 100-
Gbps circuit) and egress data transfer fees (2¢ per GB) [27].
A high-capacity link such as 800 Gbps involves multiple 100
Gbps connections and around $1.6 million annually. Similar
pricing models apply to AWS and Azure [28, 29]. Egress costs
have remained stable over the past 6-10 years across major
providers like GCP, AWS, and Azure, and surveys highlight
egress costs as a significant barrier to cloud adoption [30],
and while recently there have been attempts to waive egress
fees when leaving the GCP platform [31], standard egress
fees remain unchanged for ongoing users.

Costs of replication. To mitigate egress costs, companies
often resort to data replication [7, 14-16], but replication at
scale is also costly. For instance, Twitter replicated 300 PB
of data to the cloud [15]. Based on Google Cloud storage
pricing, storing this data would cost around $90 million per
year. While steep, this is equivalent to the cost of egressing
753 PB, which is only a small portion of their annual traffic.

2.2 Limitations of Existing Approaches

Current approaches do not effectively minimize the hybrid
cloud deployment cost (Figure 1b).

No Rep places data exclusively on-premises or in the cloud
using random partitioning without replication, similar to
Cloudward Bound [12] and Spotify [4, 14], thereby minimiz-
ing storage costs and ensuring simplicity. However, egress
fees can escalate, e.g., on-premises jobs may incur high trans-
fer costs when accessing cloud-stored data.

Rep 3Mon relies on heavy replication to reduce egress fees,
inspired by Twitter [7, 15, 16]. It replicates the most recent
three months of data under the assumption that newer data
is accessed more frequently [10, 17, 18] and partitions the
rest. While this reduces egress fees, it dramatically increases
storage costs (Figure 1b).

Yugong [10], designed for Alibaba’s datacenters, assumes
that jobs and data within a project are strongly correlated

and should be placed together. However, Uber’s hybrid cloud
calls for a different solution, as detailed next in §3, due to
three mismatches: Uber workloads exhibit weak intra-project
dependencies, making project-level placement inefficient; Yu-
gong lacks routing guidance for recurring and new jobs when
project boundaries are not informative; Yugong relies on a
fixed replication budget and focuses solely on network usage,
misaligned with hybrid cloud needs for elastic replication
and holistic cost optimization.

Takeaway: We need a cost-aware, fine-grained hybrid cloud
optimization framework that balances egress, storage, and
network costs while adapting to real-world job dependencies.

3 Data-intensive Workload Analysis

This section motivates the need for a fine-grained, cost-aware
framework for hybrid cloud deployments that adapts to job
and data patterns by analyzing Uber’s data analytics work-
load and results from other recent workload studies (e.g., of
Microsoft Cosmos [19] and Alibaba [10]). From these analy-
ses, it draws out a number of objectives and then highlights
shortcomings of existing approaches in meeting these needs.
We use analyses of 4-month traces of two large data an-
alytics workloads at Uber as a case study to ground our
discussion. We also compare and contrast our findings with
those from recent studies of other large-scale data analytics
systems [10, 19, 32] to identify how well they generalize.
Uber plans to fully migrate their batch processing stack to
GCP in the coming years, aiming to reduce hardware supply
chain dependencies and enhance cybersecurity and compli-
ance [6, 33]. This hybrid state is expected to persist for five
years. They operate a large-scale data lake, a common ar-
chitecture for modern large-scale data analytics [10, 11, 19].
The data is organized into tables using formats like Apache
Hive [34] and Apache Hudi [35], and serve machine learn-
ing training and data analytics workloads executed on dis-
tributed engines like Apache Spark [36] and Presto [37].
These tables are typically time-partitioned with immutable
daily partitions. Some are updatable, provided that they sup-
port snapshot reads and the snapshots can be resolved at
query compile time. User-submitted jobs can read from and
write to multiple tables. Each job represents an execution
of a job template, which allows correlation across repeated
executions. A job template is the canonical logical plan of
a query after constants (i.e., literals, predicates, LIMIT val-
ues) are stripped leaving operators and fully-qualified table
names. We hash this canonical string into a 128-bit finger-
print; two jobs share a template when their hashes are identi-
cal. The concept of templates and this approach to identifying
their reuse has also been used at Microsoft [38], Meta [39]
and PostgreSQL [40]. Uber maintains around 200 projects
(also referred to as namespaces [11] or organizations [19] in
prior works), which serve as hierarchical units for managing
datasets, compute resources, and team ownership [41].



Workload characteristics. At Uber, Presto [26, 42] and
Spark [43] contribute to the majority (over 95%) of the read
and write traffic to data storage. Accordingly, we collected
and analyzed production traces from Presto and Spark to
inform hybrid cloud deployment decisions. These workload
access patterns remain integral to the migration patterns. To
the best of our knowledge, this is the first large-scale analysis of
hybrid cloud analytics workloads with publicly released traces.

We collected four months of job execution data, from
October 2024 to February 2025, containing (1) job metadata,
i.e., job ID, start time, duration, CPU consumption, and query
template ID; (2) job ownership, i.e., the associated project;
(3) data access details, i.e., bytes read and written per table.
We also collected the sizes of all tables, which are 300PB in
aggregate and growing.

Analyzing Presto and Spark provides a comprehensive
view of the Uber’s data analytics workloads. Presto is a dis-
tributed query engine optimized for interactive, ad-hoc data
analytics. At Uber, Presto is mostly read-heavy, with writes
accounting for <0.1% of reads. Spark at Uber powers com-
plex Extract-Transform-Load (ETL) pipelines and machine
learning workloads [43], with a read-to-write ratio of approx-
imately 1:1. Spark jobs exhibit skewed access patterns—over
90% touch no more than four tables, while a few access up to
368. Presto jobs, in contrast, access more tables on average,
though their maximum remains lower at 68.

As we discuss next, Uber’s workloads are more challenging
to optimize than those described in prior literature due to
three key factors: (C1) high inter-connectivity, (C2) moderate
recurrence coupled with continuous growth, and (C3) unique
hybrid cloud demands, including diverse cost considerations
and the need to flexibly shift workloads and data between
on-premises and cloud.

C1: High job-data interconnectivity is characteristic
of Uber workloads. A job depends on a table if it reads from
or writes to that table. Modeling jobs and tables as a di-
rected acyclic graph, where job-data dependencies represent
edges, we find that 85% of jobs and 77% of tables are part of
the largest weakly connected component. Additionally, 99%
of jobs and 83% of tables belong to connected components
of size >10. In contrast, prior studies, such as Wing [19],
reported that 50% of jobs belong to the largest connected
component and that 80% of jobs are part of connected com-
ponents of size >10. This stronger inter-connectivity at Uber
makes partitioning across sites more challenging.

Furthermore, Alibaba’s data centers observed that 33% of
data read by jobs occur within a project, suggesting that
co-locating jobs and tables at the project-level can reduce
complexity without sacrificing cost efficiency. However, Uber
workloads reveal a much weaker intra-project dependency
structure, aligning with observations in prior studies [19, 32].
At Uber, only 10% of job data reads occur within a given
project. Moreover, 5% of job templates depend on data within
project boundaries. Our observation aligns with the trend
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Figure 2. Steady increase in template diversity, and data traf-
fic in Uber’s datalake. Solid lines represent linear regression
fits used to approximate long-term trends.

in modern data lakes toward facilitating easier data sharing
and reuse between users and applications [10, 19].
Objective 1: We need a method for addressing high job and
data interconnectivity without excessive placement complexity
that does not rely on human project/organization boundaries.

C2: Moderate job recurrence and continuous growth.
Microsoft Cosmos [19] reports 68% recurrence by job count,
and defines jobs as recurring if they are submitted at least
once per month over three consecutive months. Due to lim-
ited trace length, we conservatively adapt this definition
to include jobs submitted at least once every three weeks
over three consecutive periods. This gives us similar job re-
currence numbers for Uber, but since we prioritize traffic
volume to assess egress impact, we note that only 56% of
traffic volume is from recurring jobs. These results indicate
that focusing solely on predictable workloads is insufficient.

Figure 2 illustrates growing daily template diversity and
data traffic. Based on linear regression, unique job templates
grow by 16 per day for Presto and 68 per day for Spark,
amounting to approximately 31K new templates annually
or 20%. Similarly, Presto’s daily read volume increases by
142TB per day, suggesting a 50PB annual rise, or over 30%.
Due to space constraints, we omit details but note that the
number of job executions also grows 30% annually.

Objective 2: We need a two-pronged approach to combine
static analysis for recurring jobs with online scheduling for
ad-hoc jobs and newly onboarded workloads.

C3: Unique hybrid cloud demands. While minimizing
cross-site traffic is a well-studied problem in private clouds,
hybrid clouds require a holistic approach, optimizing egress,
bandwidth, and storage costs together. Unlike fixed-capacity
private clouds, hybrid clouds offer elastic resources, making
replication a tunable and dynamic factor [44].



Moreover, shifting workloads and data between on-premises
and cloud is common. At Uber, phased decommissioning of
on-prem infrastructure changes compute, storage, and band-
width availability over time. In contrast, Dropbox maintains
a steady hybrid setup with frequent workload and data move-
ment [24]. Decisions about which jobs and tables to move
must consider current constraints and ensure cost efficiency
across transitions. Static placement strategies become in-
creasingly ineffective in this context. Placement must adapt
continuously to changing workloads and capacity.

Objective 3: We need to jointly optimize egress, bandwidth,
and capacity costs while proactively planning for long-term
workload and capacity changes.

Generalizability: While Cosmos [19] and Yugong [10]
traces are not public, information in their papers indicates
many of the same cross-project data sharing behaviors ob-
served in our Uber analyses. We notice higher interconnectiv-
ity and data sharing and slightly less recurrence (C1 and C2),
but all three workloads exhibit similar properties. We suspect
Uber’s higher interconnectivity is due to growing prevalence
and exploitation of datalakes, which increase cross-team data
sharing, something we expect to be an industry-wide trend.
Template recurrence is lower because Uber mixes Presto
interactive queries with Spark jobs, whereas Cosmos used
only Spark-style jobs, but recurrence is present in both. Com-
bined, these traits make Uber’s workloads more challenging
to optimize, but the high-level similarity of these analytics
workloads makes us confident in the generality of our results.

4 Moirai Design

Moirai determines cost-efficient data placement and job rout-
ing under resource constraints in hybrid clouds, addressing
the design objectives outlined in §3. This section provides
an overview of Moirai (§4.1), details its architecture (§4.2),
introduces the analytical model at the heart of Moirai (§4.3),
and describes two key techniques to improve its scalability:
grouping (§4.4) and replication (§4.5). Lastly, we describe the
dependency-aware routing policy for newly-seen jobs (§4.6).

4.1 Moirai Overview

We first explain how Moirai addresses the objectives outlined
in Section 3 and describe our hybrid cloud deployment setup.

Moirai addresses the key challenges of data egress, replica-
tion costs, and limited network bandwidth through a Mixed-
Integer Programming (MIP) model that incorporates exact
unit costs into its objective function and satisfies on-premises
resource constraints. By performing joint optimization of
job placement and data replication at both query and table
granularity, Moirai decides how to partition data and which
data to replicate, and route jobs efficiently (Takeaway).
Moirai scales effectively to large environments, handling mil-
lions of jobs and tables by employing dynamic, fine-grained,

dependency-driven grouping (§4.4) and pre-selecting repli-
cated tables (§4.5), which together reduce the runtime from
10 days to a few hours (Objective 1). Moirai also employs
a dependency-aware job routing policy (§4.6) to efficiently
place newly submitted jobs whose access patterns were not
seen in previous optimization rounds (Objective 2). Addi-
tionally, Moirai continuously monitors workload changes
and dynamically adjusts job and data placement, allowing the
system to adapt to evolving workloads and capacity without
manual intervention (Objective 3).

Resources in a hybrid cloud. On-premises resources
and cloud compute resources are considered prepaid and not
the optimization target of Moirai, and are treated as flexible
constraints that may evolve, e.g., during migration. Specif-
ically, for compute resources in public clouds, we assume
the use of prepaid future reservations [45-47] based on us-
age predictions, a practical approach in large-scale hybrid
clouds to secure stable resources and benefit from 30-75% dis-
counts [48-50]. In contrast, cloud storage is treated as elastic,
requiring Moirai to determine cost-efficient data placement
or replication on-premises and in the cloud.

Network capacity (for both ingress and egress traffic) be-
tween on-premises and the cloud is also considered pre-
planned and is not an optimization target. As mentioned
in §2, dedicated links are used to ensure stable, high band-
width network traffic and address security concerns in hybrid
cloud deployments [51]. If the public network is used instead
of dedicated links, this constraint is not necessary, but the
egress pricing should be updated from 2¢ to >8¢ per GB, as
public networks are charged at higher rates. Although Moirai
treats deployment cost as constant, its optimization reduces
network traffic, ultimately lowering deployment costs.

Jobs and tables. The Moirai implementation targets large-
scale data analytics, so jobs correspond to analytics queries
and tables are the data units they operate on. While we target
analytics workloads over tabular data, the underlying logic of
joint job+table optimization and dependency-aware routing
applies broadly to other definitions of compute and data
units. Moirai assumes that any job can be routed to either
on-premises or cloud, as the analytics queries are stateless.
Tables can reside on-premises, in the cloud, or replicated
in both locations and are considered atomic, meaning all
partitions within a table are placed together (§3). Jobs can
access any table regardless of its location but prioritize local
data (i.e., data in close vicinity) when available. Jobs may
access only parts of a table rather than the entire set.

4.2 Moirai Architecture

Figure 3 illustrates the overall workflow of Moirai. The Job
Scheduler collects data access logs that record executed jobs,
the tables accessed, and the size of data accessed by each job.
In deployment (§6) these logs are collected at the file system
level, but this does not otherwise affect the architecture.
Collected data is stored in database tables, allowing queries
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on jobs’ data access histories. The Spinner uses collected
data to generate a Job-Data Graph for jobs that occurred
since the last optimization round (Figure 3, Step 1).

The Spinner models the job-table relationship over a time
window as a bipartite graph G = (V, E), where V consists of
m jobs, W;, and n tables, Dj,ie, V = {W;}', U{D; } _,-Jobs
are weighted by compute consumption, c; (1n VCPU hours),
and tables by size, s;. Edges represent data access between
jobs and tables, weighted by the number of bytes read, r; ;,
and bytes written, w; ;.

Once the graph is generated, the Allotter takes it along
with resource constraints for on-premises and public cloud
environments, as well as the current data placement, and uses
its MIP solver to output a new cost-optimized job scheduling
policy and data placement. These outputs are then sent to
the Job Scheduler (§4.6) and Data Placement Enacter,
which re-partitions or replicates data based on the newly
generated plan (Figure 3, Step 2). This optimization cycle is
triggered periodically (weekly in our paper) and can also be
triggered on demand if resource constraints change.

4.3 Analytical model

To jointly optimize egress, bandwidth, and capacity costs
while accounting for periodic placement updates (Objective
3), Moirai builds on the analytical model below.

Modeling job routing and data placement. A binary
variable y; represents job routing (0 for on-prem, 1 for cloud).
Data placement uses binary variables op; and cl;, which indi-
cates whether a table is on-prem or in the cloud, respectively,
where 1 indicates presence. This allows tables to be on-prem,
in the cloud, or replicated. To ensure data placement in at
least one location, we use the constraint op; +cl; > 1.

Modeling costs for job-to-data relationship. Moirai
incorporates storage and network costs to formulate the cost
model of the given bipartite graph:

Costg = Costg Storage T Costg LEgress
=pPs- Tyindow * 2] 155 ° Cl
+pe2ijer (i (1= 0p)) (1 = yi) +wi; (1 - clj)ys)

Storage cost is the product of the cloud storage price (ps),
the optimization time window, and the cloud-stored data
size. Egress cost is the product of the cloud egress price (p.),
and the data read by on-prem jobs from cloud-only tables
and data written by cloud jobs to on-premises-only tables.
Costs for on-prem and cloud compute, on-prem storage, and
dedicated network links are prepaid and excluded (§4.1).

Modeling data placement updates. Moirai adapts to
workload changes by re-optimizing job routing and data
placement for each time window using the updated job-to-
data graph. However, ignoring previous data placements
can result in costly reconfigurations, where data is unnec-
essarily moved between the cloud and on-premises, leading
to increased expenses. To avoid this, Moirai penalizes data
movement in both directions—cloud to on-premises (egress)
and vice versa (ingress)-with the following cost model:

Costy = Costy Egress T Costy JIngress
— old
=pe- 2 ] 155 ° (1—01’, ) - op;j

+ape-Bhysi - (1—cl9) -l

Here, opj?ld and cl;?1d represent previous data placements,
where 1 indicates presence. Moirai penalizes unnecessary
egress data movement by factoring in costs proportional
to the data size transferred from cloud to on-premises. For
ingress, Moirai introduces a relaxed penalty adjusted by «
(0 < a < 1). Ahigher a increases the cost penalty, controlling
ingress traffic usage, even though no explicit cloud ingress
fees apply. Specifically, @ = 0 imposes no penalty on ingress,
and a = 1 treats ingress as expensive as egress.

Objective and constraints. Moirai solves the MIP with
the goal of minimizing the total cost. While minimizing costs,
the model also considers resource constraints on compute
capacity (Lcomputeionprem and Lcomputefcloud) , storage capacity
(Lstorage) and network bandwidth (Lyezork) between the on-
prem data center and the cloud, as described in §4.1. These
constraints ensure that the compute, storage, and network
usage remain within their respective limits:

Minimize Costg + Costy
Subject to  X2,¢;(1 - yi) < Leompute_onprem
221 ¢iYi < Leompute_cloud
Z;-’:lsj 0pj < Lgtorage
—yi)(1-opj)+
yi(1 - Clj)] < Lyetwork

Sajee(riy +wi)[(1
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Figure 4. Replication eases partitioning. Table D is replicated,
allowing job 3 to be placed on either side. Thus, job 1 can be placed
with its dependency, table A, simplifying the partitioning process.

4.4 Dependency-driven Grouping of Jobs and Data

To address the objective (Objective 1) of managing problem
complexity without relying on human-defined project or
organizational boundaries, Moirai groups jobs and data based
on job-data dependencies, reducing the problem space while
maintaining accuracy.

Moirai collapses jobs that had the same query template and
recurred multiple times in the previous time window (e.g., the
past week) into a single node. This reduces complexity since
repeated executions of the same template typically access the
same tables in similar patterns. In addition, this abstraction
allows Moirai to leverage historical access patterns to guide
the placement of recurring jobs in future windows.

For each optimization cycle, Moirai also temporarily groups
tables that were not accessed during the previous time win-
dow. Rather than aggregating all such tables into a single
node, Moirai groups them by database name, resulting in
over 200 nodes. This fine granularity allows the optimizer
to place untouched tables across sites more flexibly when
needed. The grouping preserves optimization accuracy, as
the untouched tables remain isolated in the job—data depen-
dency graph regardless of how they are grouped.

In fact, the number of jobs in a weekly time window at
Uber can exceed 4 million, which is reduced to 356K after
grouping. Likewise, there are >1 million tables, which are
reduced to 134K following the grouping process.

4.5 Pre-selecting Replication Tables

Even after grouping jobs and tables for the Uber workload
(§4.4), the Job-Data Graph remains large, with N; = 356K job
and N, = 134K table nodes. Since each table can be located
on-premises, in the cloud, or replicated, and each job can be
executed on either site, the search space contains 3Na 5 oNj o1
10219193 configurations for Uber’s workload. The Gurobi [52]
MIP solver took over 7 days on a 40-core machine to find
the optimal solution on 7-day workloads, which is too slow
for weekly or daily re-optimization cycles.

To reduce Allotter’s search space, Moirai pre-selects ta-
bles for replication before optimization. This simplifies the
Job—Data Graph by removing job—table edges and isolating
some job nodes, which speeds up optimization (Figure 4).
The main challenge is selecting tables that accelerate opti-
mization with minimal impact on accuracy.

Pre-selection approaches. To decide which tables to
pre-select for replication, Moirai ranks tables based an array
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Figure 5. Optimization time, averaged over hybrid splits
with 30-70% of data and jobs on-premises, and graph com-
plexity under different replication heuristics. The total size
of pre-selected tables is set to 0.2% of the total data size.

of metrics. We evaluated five different metrics to identify the
most efficient one for optimization (Figure 5): Access Traffic
Volume, or total bytes accessed for each table; Job Access
Frequency, or number of jobs that access each table; Inverse
Dataset Size, or inverse of the table size, highlighting smaller
tables; Access Traffic Density, or bytes accessed normalized
by the table size; and Job Access Density, or number of jobs
accessing a table normalized by the table size.

We measured optimization time on CloudLab’s ¢8220 ma-
chines [53] using Gurobi, pre-selecting replication on 0.2% of
data (Figure 5). To explain the observed speedups, we report
the effective scale of the graph, including the count of edges,
non-isolated jobs and tables. We defer an explanation of
tuning the replication ratio to §5.3. Generally, pre-selecting
0.1-1% of data yields optimization times from about 10 hours
(at 0.1%) to tens of seconds (at 1%) under the best-performing
heuristic, Job Access Density. We focus on optimization time,
as we confirmed that different ranking metrics yield similar
costs, and faster optimization often implies more significant
replication coverage thus lower costs.

No Replication, which does not pre-select any table for
replication, takes 147 hours on average. Access Traffic Vol-
ume requires 105 hours of optimization time, as it tends
to allocate replication space to large tables based on traffic
volume. This often results in insufficient trimming, over-
looking tables with many dependencies relative to their size.
Similarly, Inverse Dataset Size, which prioritizes replicating
small datasets regardless of access frequency, fails to reduce
optimization time as it allocates replication quota to many
small but cold tables. In contrast, heuristics that consider job
connectivity, namely, Job Access Frequency and Job Access
Density, are more effective, taking just 44 hours and 2 hours.
As shown by the orange bars in Figure 5, they reduce the
number of edges by 39% and 59% over No Replication.

Moirai uses Job Access Density as the metric for pre-selecting
tables to replicate, targeting just 0.2% of the total storage
size. This heuristic accounts for both table size and the num-
ber of job-data connections, enabling the system to identify
small but widely shared tables that yield significant reduc-
tions in graph complexity. Unlike other metrics we evaluated,
Job Access Density directly minimizes the number of edges,
producing smaller and sparser job-data graphs. As shown in



Figure 5, this leads to the fastest optimization times, allowing
the system to converge to an optimal solution in an average
of 2 hours with minimal additional storage cost.

4.6 Dependency-aware Routing

To address the objective (Objective 2) of online schedul-
ing for ad-hoc jobs and newly onboarded workloads, Moirai
introduces a dependency-aware job routing policy. For recur-
ring jobs, the Job Scheduler’s routing follows the placement
decisions generated by the Data Placement Enacter directly.
However, newly-seen jobs, accounting for 44% of traffic, re-
quire careful routing on the fly (§3) and cannot afford an
arbitrarily distributed policy.

Moirai adopts a dependency-aware routing policy called
Size Predict to minimize cross-site data access for newly-
seen jobs. Before execution, most jobs declare which tables
they will read or write, referred to as data dependencies,
but the exact data volume required is usually determined
during query execution. When a job template is first seen,
Size Predict predicts access volume based on the mean access
volume of each table from the previous window and then
routes the job to the side with more data volume it might
process. If a table had no accesses in the previous window,
we treat its projected volume as negligible and determine
the job’s placement based on the other tables accessed by the
job. In practice, this outperforms falling back to a simple Size
Unaware policy, because tables that are idle in one window
are almost always minor contributors to total traffic. This
approach avoids the pitfalls of naive routing strategies that
ignore data placement or access patterns (§5.4).

5 Evaluation

We evaluate Moirai using the Uber workload to assess its
cost and network efficiency compared to baselines (§5.2), the
effect of data placement optimizations (§5.3), its effective-
ness in routing newly seen jobs (§5.4) and how it applies to
progressive cloud migration plans (§5.5).

5.1 Experimental Setup

We next describe baselines and key metrics used for evalua-
tion. For Uber trace details see §3.

Baselines and Heuristic-based Approaches. We com-
pare Moirai to two baselines and three heuristic-based ap-
proaches. The baselines are: (1) NoRep places data exclusively
on-premise or in the cloud with random partitioning and
no replication, similar to Cloudward Bound [12] and Spo-
tify [14]; (2) Yugong [10] is deployed within Alibaba and
enforces project-level granularity placement-—specifically,
all jobs and tables belonging to a project must be placed
at the same site. The heuristic-based approaches are: (3)
Volley [54] assigns each table to the site where the majority
of its access volume originates, assuming a random distri-
bution of jobs at the project level; (4) RepXMon replicates
the most recent X months of data while older data is ran-
domly partitioned, inspired by Twitter and recency-based

approaches [10, 17, 18]; (5) RepTopY% replicates the top Y%
data by Access Traffic Density 2, while partitioning the rest
randomly, motivated by our analysis in §4.5.

For a fair comparison all approaches use Size Predict (§4.6)
unless otherwise noted, which makes the baselines more
competitive. We omit Independent Routing, which routes jobs
to the underutilized site regardless of data access patterns; it
performs several times worse than Size Predict (§5.4).

Yugong’s implementation is closed source, so we imple-
ment it on top of Moirai, ensuring the granularity of opti-
mization, namely, grouping jobs and tables at project-level.
We improve Yugong in two aspects: (1) Instead of limiting to
an unspecified fraction of top tables by dependency size, we
model all tables, resulting in better coverage and accuracy;
(2) Rather than assuming a fixed unspecified storage bud-
get, we incorporate storage cost directly into the objective
function, allowing dynamic cost trade-offs.

Volley is also closed-source, but we recreate it by distilling
its core insight: tables are placed close to where the majority
of their accesses originate. Designed to place application
data across tens of datacenters with mobile users, Volley
uses weighted spherical means to guide placement. We sim-
plify the problem to a binary choice between on-premises
and cloud. Moreover, while the original Volley employs an
iterative optimization algorithm, we found that it can trigger
large-scale data reshuffling, incurring movement of >10%
total data per optimization cycle. Such movement may be
acceptable in private clouds but is prohibitive in hybrid envi-
ronments due to egress fees. Thus, we adopt only the static
placement produced in the first optimization round.

Configuration. We assume a dedicated 800 Gbps link,
based on Twitter’s reported setup [7, 51], as a reasonable
proxy (not actual Uber setup). Because weekly optimization
constrains only average usage, and cross-site traffic at Uber
can spike to 5X the average, we conservatively set the target
weekly usage to one-fifth of the peak (20%), or 11.5 PB per
week, for Yugong and Moirai. We adopt GCP’s pricing model,
which resembles other major cloud providers (Table 1).

Metrics. We evaluate the efficiency of solutions using
two key metrics: cost and network usage. Cost includes job
execution egress, table egress (data moved out of the cloud),
replication and network infrastructure. Infrastructure cost
is estimated from weekly P95 traffic rates, representing a
minimum capacity needed to avoid congestion 95% of the
time. While we assume a 800 Gbps link, different approaches
produce varying peak demands. For fair comparison, we con-
vert the P95 traffic rate of each approach into an estimated
infrastructure cost using prices in Table 1. Network usage
accounts for traffic from job execution and data movement
triggered by optimization (for Yugong and Moirai).

2 Access Traffic Density optimizes traffic volume. Job Access Density performs
similarly but is omitted due to space constraints.



5.2 Cost and Traffic Reduction

Observation 1: Moirai achieves over 95% cost and 94% traffic
reduction compared to all baselines by jointly optimizing data
and job placement at a fine-grained level.

Moirai aims to minimize the cost of running workloads in
a hybrid cloud while keeping network traffic volume below
a given limit. Figure 6 compares the weekly network traffic
volume and cost of Moirai with other approaches across three
setups, where 70%, 50%, and 30% of resources are available
on-premises to store and process at most that fraction of the
data and workload. Jobs incur egress charges if on-prem jobs
read data from the cloud or if cloud jobs write data back to
on-premises. Network infrastructure costs are derived from
the peak weekly P95 traffic rate over four months (§5.1).
Network traffic constraint. Moirai’s weekly network traf-
fic volume ranges from 421-751TB, significantly lower than
the 11.5 PB weekly limit. All other approaches generate traf-
fic one to two orders of magnitude higher and exceed the
bandwidth limit except RepTop2. 5%.
Volley reduces cost by 24.9-80.1% compared to NoRep, show-
ing that even basic data-aware placement improves over ran-
dom partitioning. However, it falls short relative to replication-
heavy heuristics like Rep3Mon and RepTop2.5%. Moirai re-
duces cost by 98.7% over Volley. The gap stems from Volley
not replicating data and failing to co-optimize job placement.
Replication approaches. Moirai reduces costs over NoRep,
Rep3Mon and RepTop2.5% by 99%, 98.5%, and 95%, respec-
tively. While there is an inherent trade-off between replica-
tion and egress costs, we present the most cost-efficient con-
figurations for Rep3Mon and RepTop2. 5%, both of which out-
perform NoRep. Rep3Mon reveals the inefficiency of blindly
replicating recent data across all tables. RepTop2. 5% shows
that even with workload-informed replication of access-
heavy tables, replication alone is insufficient: strategic place-
ment of remaining data is critical to minimize overall cost.
Yugong. Moirai reduces weekly network traffic by 96-98%
and monetary costs by 97-98% compared to Yugong. Al-
though Yugong satisfies network constraints during opti-
mization, it consistently exceeds the limit at runtime due to
unexpected traffic from newly-seen jobs. In principle, Yu-
gong could meet the target by setting a much lower and con-
servative traffic limit during optimization to compensate for
future uncertainty. A significant inefficiency in Yugong is due
to its dependence on project-level placement, which groups
jobs and data based on human organizational boundaries
rather than actual job-data dependencies, and constrains the
flexibility of job scheduling. To investigate this, we evaluate
NoRep and RepTop2.5% under project-level random place-
ment and observe similar traffic and cost to table-level ran-
dom placement, indicating that project-based grouping at
Uber captures little meaningful structure. Moreover, enforc-
ing strict job—project co-location increases traffic by 4-7x
compared to Size Predict, highlighting the inefficiency of
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Figure 6. Weekly traffic and cost reduction between all base-
lines and Moirai. Each approach is shown in its most cost-
efficient configuration: RepXMon replicates 3 months of data;
RepTopY% replicates top 2.5% of data; Moirai replicates only
0.2% of data.

project-level constraints. In contrast, Moirai’s fine-grained
table-level data partitioning and query-level routing enable
efficient job routing, even for new jobs.

5.3 Data Placement Optimizations

Observation 2: Pre-selecting 0.2% of total data for replica-
tion minimizes costs while providing sufficient optimization
speedup. It outperforms other reduction techniques in cost effi-
ciency by preserving problem accuracy.

Effectiveness of joint optimization. The primary source
of Moirai’s improvement is its joint placement of jobs and
data. To isolate this effect, we introduce an intermediate
variant, Moi-JobDist, that reuses Moirai’s job distribution
and replication plan from the first optimization window but
places the remaining tables using Volley’s per-table strat-
egy. Despite not performing global optimization on data
placement, Figure 7 shows that Moi-JobDist significantly
outperforms all approaches (apart from Moirai) in §5.2 in
both cost and network traffic. Moi-JobDist reduces the cost
gap from 1863% (between RepTop2.5% and Moirai) to just
84-168%, indicating that the majority of Moirai’s gains come
from identifying effective job and data co-placement.
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Figure 7. Weekly traffic and cost under different config-
urations across three hybrid splits. Moi-JobDist captures
Moirai’s core improvements, while other variants show trade-
offs from varying replication ratios or limiting optimization
to top jobs.

The remaining gap from Moi-JobDist to Moirai high-
lights the benefit of continuous optimization and the explicit
modeling of data movement costs. By adapting to evolving
workloads and avoiding unnecessary data transfers, Moirai
achieves further cost and traffic reductions beyond what
static planning can offer.

Selecting a suitable PR ratio. The PR ratio denotes the
fraction of data pre-selected for replication. While a lower
PR ratio reduces replication costs and increases optimization
flexibility, it can raise egress fees for future workloads. Since
the optimizer relies on historical data and cannot anticipate
future job—data dependencies, especially across seemingly
unrelated tables, pre-selecting replication not only improves
scalability but also proactively replicates high-impact tables
(identified via Job Access Density) to reduce future remote
accesses. As shown in Figure 7, we present replication ratios
0.1-0.4% of the total data, pre-selected using Job Access Den-
sity (§4.5). PR0.2% consistently achieves lowest cost across
all hybrid splits. In contrast, PR0.1% saves half the replication
cost of PR0.2% but incurs higher egress and network costs.
PR0.4% marginally reduces traffic but introduces unneces-
sary replication overhead. Thus, we adopt PR0.2% for Moirai.
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We do not explore intermediate values between 0.1% and
0.2%, as replication cost is already tiny relative to egress and
network costs, and the marginal benefit is limited.

Managing synchronization traffic for PR. At a 0.2%
PR ratio, maintaining replicated tables incurs 20TB of syn-
chronization traffic per week, under 5% of the remote traffic
from query executions (Figure 6). To keep the replication
ratio stable despite table growth, we evict those with the
lowest Job Access Density. Over 14 weeks without admitting
new tables, both scalability and egress costs remain stable
(Figure 8). Though not presented, we also validate that a quar-
terly refresh policy replaces 20% of replicated data (120TB),
averaging 10TB per week, which is still negligible at scale.

Alternative: optimizing only top traffic-heavy jobs.
Another way to reduce problem scale is to optimize only the
most cost-sensitive jobs. A straightforward method ranks
jobs by total data access volume, keeping only the top x%;
we evaluate this at 1% and 5%. While this greatly shrinks
the job—data graph, it loses visibility into access patterns for
the remaining 95-99% of jobs. As shown in Figure 7, this
simplification results in substantial regressions in network
traffic and cost. For example, 1%Job incurs up to 7.3PB of
weekly traffic and a total cost of 99K, 364-724% more costly
than PR@. 2% (i.e., Moirai), despite achieving acceptable opti-
mization speed (2hr under 1%Job and 9hr under 5%Job).

Both techniques converge at PR0% = 100%Job, where all
jobs and tables are included without pre-selected replication.
However, our comparison shows that pre-selecting just 0.2%
of data yields the best cost-efficiency. Thus, we exclude job
ratios beyond 5%, as even PR0% (namely, 100%Job) will not
outperform PR0.2%.

5.4 Importance of Job Routing Policies

Observation 3: Moirai’s Size Predict routing reduces egress
costs by up to 99.8% compared to naive policies and is within 39-
128% of the optimal routing cost. This shows that lightweight
access prediction is sufficient for effective job routing.

We evaluate how Moirai efficiently routes new jobs that
did not appear in the previous week and thus do not have
predetermined placements. We assess the network usage and
cost-efficiency of Moirai’s Size Predict job routing policy.

To illustrate this, we first present Yugong, the state-of-
the-art approach as a reference, and include: (1) Independent
Routing that routes jobs to the currently underutilized side,
independent of data dependency; (2) Size Unaware, where
the job is assigned to the side with the majority of tables it
needs; and (3) Size Oracular, where the job is assigned to the
side with more data that it will exactly read. Size Oracular
is not realizable ahead of time and serves as an unreachable
lower bound. Size Predict approximates Size Oracular by
predicting the read volume. If past heavily-read tables remain
heavily-read, this approximation should perform close to Size
Oracular and better than Size Unaware.
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Figure 8. Egress costs (log scale) for different routing policies
between Yugong’s and all Moirai policies. Moirai’s Size Pre-
dict policy reduces egress costs by 90.3-99.8% while closely
approximating the optimal. The whiskers represent the 10th
and 90th percentiles, the orange line represents the median,
and the green triangle indicates the mean across trace weeks.

Figure 8 presents a box plot of weekly egress cost for each
approach. We focus on the egress cost because the replication
cost is unaffected by routing policy, and network link cost
will be discussed separately later. Because Moirai penalizes
egress movement during optimization, egress costs resulting
from updated data placement are negligible, with 75% of all
updates costing less than $40 per week. On average, Size
Predict reduces egress costs by 90.3-99.8% over Independent
Routing and by 42.6-84.8% over Size Unaware. Furthermore,
Size Predict incurs costs generally within 2X of those incurred
by Size Oracular, demonstrating its efficiency.

Figure 9 shows the network usage on a weekly basis under
different splits (70%:30%, 50%:50%, and 30%:70%). We replay
the traces in an event-driven framework to simulate the traf-
fic rate every minute, showing both average and P90/P95/P99
traffic rate, respectively. The average bandwidth is a lower
bound for the dedicated link, representing the minimum
capacity required to complete all jobs. P95 traffic rate is
another key metric widely used [55-57] to assess network
performance, indicating that network bandwidth is not a
bottleneck 95% of the time.

Moirai consistently demonstrates significantly lower net-
work usage compared to Yugong. Notably, the P95 bandwidth
of Moirai often remains below the average bandwidth of Yu-
gong. In contrast, the average network usage for Yugong fre-
quently surpasses the network threshold (160 Gbps, shown
by the red dotted line) due to unexpected traffic from newly-
seen jobs. To ensure the network is not a bottleneck 95% of
the time in any week, we assume the maximum P95 network
usage observed over the 14-week period as the dedicated
bandwidth. Under this assumption, Yugong’s bandwidth re-
quirement is 8 higher than Moirai’s, resulting in 8x higher
dedicated network costs.

5.5 Case study: Migration to Public Cloud

Observation 4: By modeling redistribution costs, Moirai en-
ables cost-efficient phased migration and achieves near-zero
additional data movement during storage decommissioning.
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Next, we evaluate whether Moirai’s optimization provides
a data and job plan that considers previous data placements
to meet the new constraints, as on-premises storage space
and compute capacity gradually change during migration.

To isolate the effects of workload changes over time (mea-
sured in §5.4), we consistently use the jobs from Week 1 as
the workload for the optimizer.

We penalize reverse movements between consecutive splits,
making Moirai aware of redistribution costs (§4.3). In the fol-
lowing experiments, we test capacities ranging from 90-10%
in decrements of 10%. We set the relaxed parameter @ = 1
(§4). To work around the challenge of setting an appropriate
upper bound for migration-incurred ingress traffic, we as-
sume that the unit price for ingress is the same as for egress,
which is a conservative approach. We observe that this con-
servative approach (a = 1) does not harm the optimization:
Moirai achieves near-zero egress and zero extra replication
after migration (details omitted but similar to §5.4).

Figure 10 shows the traffic volume during migration from
100% on-premises to 0%, where migration to the cloud is
complete. For each step of on-premises storage decommis-
sioning, which proceeds in 10% increments, at least 10% of
the data or approximately 30PB must be transferred from
on-premises to the cloud, incurring ingress traffic.

The baseline approach, labeled Redistribution cost unaware,
exhibits significantly high arbitrary extra movement, as shown
by the dashed lines: after migration (0%), it transfers near
450PB to the cloud (ingress) though the best case is 300 PB,
and transfers near 150 PB out of cloud (egress), equivalent to
a monetary cost of $3.1 million. In contrast, Moirai, which
considers data movement egress charges, requires near-zero
egress, as shown by the solid green line, and only the nec-
essary volume of ingress, as shown by the overlapping blue
and red solid lines.

Although not shown, we evaluated the optimized place-
ment for both Moirai and the Redistribution Cost Unaware
approach, observing little difference between them in terms
of traffic and cost for the following weeks. We conclude that
Moirai achieves stable, predictable migration patterns.

6 Toward Moirai deployment

Moirai is explicitly designed to minimize hybrid cloud costs,
so our optimizer is built to capture cost dynamics using
real-world pricing and traces. Running our optimizer in pro-
duction with similar input as our traces would reproduce
the same cost analysis, so deployment needs to focus on the
components required to provide Moirai with the necessary
inputs and enact its decisions. This section discusses three
main parts of ongoing effort to deploy Moirai at Uber: (1)
job—data access observability to support the Spinner, (2) the
replication service used by the Data Placement Enacter, and
(3) the routing logic in the control plane. It also discusses
two natural extensions of Moirai: including job-deadline
constraints and using multiple regions/clouds.
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Figure 9. Weekly network usage for Moirai and Yugong, P90, P95, P99 and average, under different splits (70%:30%, 50%:50%,
and 30%:70%). The red dotted line indicates the target used during optimization for average usage.

HiCam Network Observability Service is crucial for col-
lecting the input logs (§3), which are then processed by the
Spinner to generate the Job-Data Graph.

We collect data access logs at the file system level to sup-
port all compute engines, such as Presto and Spark. While
offering fine-grained visibility, we face scalability challenges.
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At Uber, Apache Kafka [58] is commonly used as a scalable,
durable solution for such streaming metrics. However, di-
rectly publishing high-throughput metrics to Kafka proved
infeasible due to write amplification, throttling, and high
cardinality at scale. Concurrent accesses to the same parti-
tion resulted in high write amplification, and metric event
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Figure 10. As we increasingly migrate more data from on-
premises to the cloud, Moirai consistently achieves zero
egress (solid green line) and is close to minimum ingress
(overlapping solid red and blue lines). This is only possible
when redistribution costs are considered during optimiza-
tion, otherwise the traffic volume balloons (dashed lines).

spikes led to overload, exceeding throttle limits and causing
event loss. Furthermore, extreme metric cardinality (§3) is
estimated to reach billions, making storage unsustainable.

To address these challenges, we created HiCam, a light-
weight, Apache Flink-based [59] aggregation layer positioned
between metric producers (e.g., HDFS clients) and the back-
end infrastructure. Flink is well-suited for low-latency, high-
throughput real-time data processing. Clients emit metrics
over the network to an embedded HTTP server within the
Flink job. Flink then aggregates the high-volume metric
stream in real time, significantly reducing throughput and
cardinality, and publishes a compact, consolidated stream
to Kafka. This stream is then ingested into Apache Pinot [60],
Uber’s standard OLAP store for powering low-latency queries
and dashboarding.

Before HiCam, a single application could emit over 76K
metrics per hour, requiring 10 TiB of Pinot storage monthly.
With HiCam, throughput is reduced by 128X, storage by over
10X (750 GB/month), with negligible latency added.
HiveSync Replication Service enables both one-time data
transfers for migration and continuous replication to support
the Data Placement Enacter, using an eventually consistent
approach to copy Hive and Hudi tables (two commonly used
formats in Uber’s ecosystem) across regions. It maintains
and exposes replica consistency status, allowing users to
query replication progress.

HiveSync listens to Hive Metastore (HMS), the central
metadata catalog, consumes HMS audit events triggered by
data or metadata updates, and converts these events into
replication jobs. Specifically, HiveSync is triggered by the
following events: (1) a partition is written by an ingestion
pipeline, (2) an unpartitioned table is written, or (3) a table’s
metadata is updated (e.g., schema changes). Each replica-
tion job involves two steps: (1) copying the relevant HDFS
data from the source to the destination data center using
DistCp (a distributed tool for copying large amounts of data
across HDEFS clusters), and (2) synchronizing the HMS meta-
data on the destination side. HiveSync ensures that updates
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made in the source data center eventually propagate to the
destination, though without strong consistency guarantees.

The system is implemented as a monolithic service. It
polls audit logs every few seconds, converts new entries into
replication jobs, and dispatches copy tasks. Small copies may
be handled via RPC, while larger transfers rely on DistCp
submitted to a Hadoop cluster. Job progress is monitored
through Apache YARN [61], the resource manager.

HiveSync scales to 10 million daily jobs, over 10 PB of
daily data transfer, and synchronization of up to 700,000
tables, with a P99 table replication lag under 18 minutes.
Re-routing capabilities support dependency-aware rout-
ing beyond static routing configurations in the control plane.
We detail the implementation for Presto, while noting that
similar behavior can be achieved in Spark via its driver.

In the control plane of Presto, we first consult our configu-
ration service to obtain (1) routing percentages, determined
by business policies and regional capacity, and (2) configured
attributes that may influence query placement, such as lists
of job templates and usernames recommended to run in a
specific region. This interface allows Moirai to communicate
job template placement decisions to control plane. Before dis-
patching, the system checks the status of all tables referenced
in the query, ensuring only up-to-date replicas are accessed.
After routing and other control-plane steps, like validation,
the query is forwarded to a cluster in the selected region and
executed by the corresponding Presto coordinator.

The additional step to obtain Moirai’s decision introduces
one extra call during routing. However, this is lightweight
and does not increase the routing or validation latency.

Extensions. Moirai’s optimizer reasons over a job—table
dependency graph plus a parameterized cost model, so it is
inherently engine-agnostic (e.g., Spark, Presto, or otherwise)
and can have two natural extensions. First, Moirai could
be augmented with per-job deadline constraints. We do not
explore this direction in this paper because our focus is on
throughput. Similar to systems like Cosmos, Yugong, and
MAST, Uber’s workload consists of large-scale batch ana-
lytics, where throughput is the primary performance goal.
In a hybrid cloud, cross-cloud network usage is the key fac-
tor for throughput, which must be addressed by limiting
the fraction of data transferred across regions. For this rea-
son, we include network usage as part of the optimization
objective (§4.3). Second, we can move beyond the current
single-region-plus-on-prem setting. We restrict our scope
to a single cloud region and on-premises because Uber cur-
rently executes batch compute in a single region, and we
expect this to resemble other organizations’ first foray from
on-premises to a hybrid cloud approach. Extending Moirai
to multiple regions and replication factors can be achieved
by adding binary variables for each table/job-region pair,
plus the usual capacity. Data residency or sovereignty con-
straints can also be added. Table consistency across replicas
is enforced by the HiveSync Replication Service in our case.



7 Related Work

Data and job placement in distributed clouds. Previ-
ous works like SPANStore [62], PANDO [63], Nomad [64],
SkyPIE [65], and Volley [54] optimize data placement for ob-
jectives like fault tolerance, performance, and cost, assuming
fixed job placement. Specifically, SpanStore targets strongly-
consistent key-value store geo-replication. It always keeps
at least three replicas for availability placed by shrinking
object “access sets” At Uber, every table can be accessed
from both on-prem and cloud, so SpanStore would repli-
cate the data lake on both sites, violating storage budgets
and ignoring compute placement. SkyPIE solves a differ-
ent problem: it decides which cloud storage tier to use per
object across public-cloud regions while meeting latency
SLOs. Moirai co-optimizes data and batch compute place-
ment in a hybrid cloud setup with fixed on-prem capac-
ity. SkyPIE neither places compute nor targets throughput-
driven batch workloads. Others, like Iridium [66], Geode [67],
and Tetrium [68] optimize data and task placement for in-
dividual geo-distributed queries using execution DAGs. In
contrast, Moirai jointly optimizes both job and data place-
ment, achieving significant cost benefits through flexible
placement of both. The most relevant works, Yugong [10]
and MAST [11], also co-optimize data and job placement.
However, Yugong simplifies the problem by project-level
placement, while Moirai achieves better cost-efficiency with-
out relying on administrative grouping. MAST is designed
for ML training to maximize GPU utilization and incorporate
design choices for ML workloads, such as GPU oversubscrip-
tion and the preemption of low-priority jobs.

Cloud migration case studies. Companies like Spo-
tify [4, 14] and Twitter [7, 15, 16] demonstrate varied hybrid
strategies. For example, Spotify moved ingestion pipelines
to the cloud early in its migration and relied on continuous
data copy during the transition, resulting in up to 80K jobs
copying data from on-premises to the cloud and 30K in the
opposite direction per day. This approach led to high cross-
region network usage and delayed migration progress. Twit-
ter adopted a hybrid model by migrating only select infras-
tructure components. They replicated hundreds of PB of data
across both sites, effectively doubling storage requirements,
while only 30% of queries ran in the cloud. These motivate
the cost-aware, workload-informed design of Moirai, which
avoids uncontrolled data movement and over-replication.

Cloud egress costs related. Systems like Skyplane [69],
Cloudcast [70], and Skypilot [71] aim to reduce cloud egress
by optimizing one-off bulk data transfer or ML workload
placements. In contrast, Moirai targets long-term, system-
wide planning, jointly optimizing job and data placement to
minimize sustained egress costs over time. Macaron [44] is
a multi-cloud caching scheme, which can reduce the cross-
cloud traffic but does not solve our joint data-and-compute
placement problem.
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Hybrid cloud related. Cloudward Bound [12] and At-
las [72] focus on cloud migration of application components
or microservices at a coarse granularity. In contrast, Moirai
operates at the level of tables and jobs, exploring a broader
solution space. Some studies [73-75] focus on workloads
that need to temporarily burst into the cloud when local
resources are insufficient. However, Moirai targets data cen-
ter workloads, including recurring and ad-hoc jobs, without
specifically emphasizing the bursting of jobs.

Configurations within cloud. Prior studies [76-78] fo-
cus on selecting optimal configurations within a single cloud
provider. These efforts are complementary to Moirai.

8 Conclusion

We present Moirai, a system that jointly optimizes job and
data placement in hybrid clouds to minimize cost and net-
work usage. By leveraging job-data dependencies, selective
replication, and predictive job routing, Moirai reduces cost
by over 97% compared to prior approaches. Evaluations on
real-world traces demonstrate Moirai’s ability to scale, adapt
to change, and support efficient cloud migration.
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