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ABSTRACT

Large scale managed cloud databases leverage sophisticated load
packing algorithms, which provide the efficiencies and economy
of scale necessary for running these services. Efficient packing of
these database workloads onto resources is an active area of re-
search. However, research into optimizing cloud databases at truly
massive scales is limited due to a lack of access to public work-
loads, thus limiting the development of practical solutions that
scale well. We address this in the context of Cosmos DB, Microsoft’s
flagship cloud-hosted NoSQL database service available in all Azure
regions, through a novel problem definition of balancing packing
efficiency against user-centric reliability metrics. We first propose
open-source NoSQL workloads from real Cosmos DB clusters, and
analyze these benchmark-workloads to derive a novel reliability
metric, Distressed Resource Volume (DRV), which captures the qual-
ity of service experienced by the end user. We then develop an
open-source policy simulation framework, LOADSTAR, powered by a
nonparametric statistical model of estimating the QoS of real traffic
patterns. We define a resource optimization problem for placing Cos-
mos DB replicas onto VM nodes, develop a forecasting model for
future load distributions, LUNA, and a placement algorithm that uses
these forecasts to trigger and rebalance stressed replicas, ORBIT
to reduce tail-errors. Our experiments, validated using LOADSTAR
for these workloads, demonstrate ORBIT s benefits over the exist-
ing Cosmos DB policy and a worst-fit optimized baseline, with
higher load delivered at lower error rates and up to 35% reduction
in resources. These have also been deployed in production, with
potential annual savings of $100Ms whilst also improving service
reliability for millions of customers.
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1 INTRODUCTION
The last decade has witnessed the proliferation of varied NoSQL

databases to complement relational ones, including columnar databases,

key-value stores and graph databases. Besides alternative data mod-
els, these also leverage sharding and replication to achieve high scal-
ability on commodity hardware while ensuring durability. Along-
side this has been the paradigm shift of business applications away
from on-premise database deployments to large-scale cloud-hosted
managed NoSQL databases such as Cosmos DB and Dynamo DB
from Cloud Service Providers (CSPs) such as Microsoft Azure and
Amazon AWS. Such a migration to the cloud lowers the capital
expense costs for clients and out-sources their management over-
heads, besides enhancing availability and performance guarantees.
At the same time, this has also shifted the responsibility for robust
and efficient management of database operations to the CSPs.
The robustness guarantees of managed NoSQL databases have
two competing objectives. (1) Quality of Service (QoS) guarantees:
Ensuring high reliability and 6o availability with strict adherence

This work is licensed under the Creative Commons BY-NC-ND 4.0 International
License. Visit https://creativecommons.org/licenses/by-nc-nd/4.0/ to view a copy of
this license. For any use beyond those covered by this license, obtain permission by
emailing info@vldb.org. Copyright is held by the owner/author(s). Publication rights
licensed to the VLDB Endowment.

Proceedings of the VLDB Endowment, Vol. 19, No. 1 ISSN 2150-8097.

doi: XX XX/XXX. XX


https://orcid.org/0000-0003-4140-7774
https://doi.org/XX.XX/XXX.XX
https://doi.org/10.5281/zenodo.15564578
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:info@vldb.org
https://doi.org/XX.XX/XXX.XX

to Service Level Agreement (SLA) is essential to meet customer
expectations. (2) Resource efficiency: Reducing the operational costs
(opex, or Costs of Goods Sold, COGS) is fundamental for lowering
the price for clients while ensuring profitability for the CSP. These
are in opposition, with resource over-allocation being an easy ap-
proach to meet the high SLA but leading to higher opex costs. So,
resource efficiency reduces to near-optimal packing and allocation
of database entities onto compute resources, but is non-trivial in
the presence of dynamic, sometimes unpredictable, load patterns
that can impact reliability guarantees.

Resource management and load balancing are critical function-
alities of cloud infrastructure orchestration that impacts cloud
databases, with diverse CSP platforms such as AWS’s Aurora [2],
Google’s Borg [32], Yahoo’s Sherpa [12] and Microsoft’s Service
Fabric [11]. More specifically, resource management as the cen-
tral theme of the design of enterprise relational databases such as
BRAD [13] and Moneyball [24]. Alibaba’s resource management
framework, Eigen [15], optimizes utilization across active/warm/cold
nodes for database workloads, with elements of forecasting and vec-
tor bin-packing across resource types. There is also much work on
classical and cloud applications using vector bin-packing heuristics
to solve this allocation problem [6, 21, 33, 34]. While bin-packing
is NP-hard with poor approximation guarantees [5], the ability to
forecast the node-level loads can make them tractable.

We consider these in the context of Azure Cosmos DB, a cloud-
hosted NoSQL database from Microsoft that supports unstructured,
semi-structured, structured, and vector data types. It uses a parti-
tioned and replicated deployment for each customer database, with
replicas placed on nodes hosted on Azure VMs with multi-tenancy.

Load-balancing optimization problem formulations often treat
QoS or reliability as a global constraint in order to optimize efficiency.
“Reliability” here is a general catch-all concept capturing end-user
experience including all types of SLA guarantees. However, a key
user-facing metric that is overlooked is one of error rates when
performing database operations. These are affected by the stochas-
tically varying demand and the replica placement due to stress on
the underlying resource. These include latency, throughput, avail-
ability, etc. errors. Just setting minimum reliability constraints is
either inadequate or, often, counter-productive to achieving effi-
ciency and low error rates since the compute load has a direct
probabilistic relationship with the nett load. Assuming all load dis-
tributions are equal, setting some global reliability constraints (e.g.,
CPU utilization < 80%) does not eliminate tail errors. For products
with large underlying infrastructure and a need to operate at very
high availability, these tail errors can add up to a failure event.

We posit that developing a load optimizer that enhances usage
efficiency (lower COGS) jointly with stochastic quantification of
QoS, subject to varying and uncertain load patterns, is paramount.
The key challenges in solving these are: (1) A dearth of princi-
pled and relevant real-world workloads, metrics and techniques to
quantify QoS (reliability) against varying demand and load; (2) The
absence of a high-fidelity simulation framework to emulate managed
databases and rapidly validate strategies against this metric in an
affordable manner, before deployment; and finally, (3) A lack of
tractable, temporally-aware, adaptive load balancing strategies that
optimize resource efficiency, subject to such a reliability metric.
This EAB article addresses these gaps.
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Figure 1: Cosmos DB resource provisioning hierarchy

In this paper, we make the following contributions:

(1) We propose a open-source benchmark dataset on NoSQL work-
loads over three Cosmos DB cluster, reporting resource loads
and errors. We use this to develop a novel user-centric relia-
bility measure, Distressed Resource Volume (DRV), that reflects
the QoS experienced by the end-user for the allocated compute
capacity to their NoSQL database (Sec. 2).

(2) We develop a novel open-source Policy Simulator framework,
LoADSTAR, which uses non-parametric statistical models based
on real server logs from Cosmos DB clusters to accurately pre-
dict error rates with very low variance/noise for a given data-
base workload and placement policy. This includes modeling
node-level errors that help estimate DRV (Sec. 3).

(3) We define a resource optimization problem to place Cosmos
DB shards and replicas onto VM nodes that uses the DRV met-
ric. We design a resource placement algorithm, ORBIT, to solve
this optimization problem (Sec. 4), by leveraging a simple non-
parametric distributional forecast model, LUNA, for replica level
loads based on a systematic study of load distributions across
the replica population (Sec. 5).

(4) We perform detailed experiments to compare our proposed
ORBIT policy against the Simulated Annealing policy used in
Cosmos DB and a worst-fit optimization baseline, evaluated
using the policy simulator on the Cosmos DB workloads. We
report the serving load at different error rates, the resource load
uniformity, and the migration counts (Sec. 6). All these favor
ORBIT, and enable it to minimize resource usage — by up to 35%
- and costs whilst keeping error rates within acceptable levels.
These are being used in production in Cosmos DB, translating
into resource savings of $100s of millions of dollars.

2 WORKLOAD ANALYSIS & DRV METRIC

Microsoft Cosmos DB [10] is a managed NoSQL database hosted on
Azure cloud. Cosmos DB is active in 60+ global data centers, and it
runs on 100, 000s of nodes which host tens of millions of database
shard replicas. The annual hardware costs for tens of millions of
allocated CPU cores is significant. So, any improvements to COGS
and QoS for Cosmos DB benefits the substantial user base and costs.

2.1 System Model of Azure Cosmos DB

A Cosmos DB account is an individual business client (Figure 1).
Each account has multiple databases, each database has multiple
collections, and every collection has several shards. Shards are
formed from database partitioning and every shard generally has 4
replicas: one primary, which gets the first write and no read traffic,



Table 1: Workload Description of Different Clusters

Metric | Cluster — ‘ Cla ‘ C1b ‘ C2 ‘ C3
Time Duration (days) 60 13 54 54
# of Nodes in Cluster 196 196 196 190
# of Partitions 7,953 8,798 7,960 | 11,593
# of Replicas ~ 32k | 35,408 | 31,207 | 42,876
Max. Load on Cluster (RUs) 3.7M 3.7M 4.3M 8.5M
Max. CPU usage (agg. over cores) 1.83 .68 1.48 .79
Max. Mem. Usage (GB) 97.0 15.3 98.2 107.1
Max. Storage Usage (TB) 2.60 0.17 2.73 2.89

and three secondaries, which handle all read traffic and federated
writes. Each replica is the unit of placement onto a node (VM).

Cosmos DB uses the Azure Service Fabric (SF) [11] to manage
Cosmos DB’s infrastructure on 100,000s of nodes. A data center
region has clusters, which contain 100s of nodes each. A shard
usually has all its replicas in the same cluster. This streamlines the
load balancing operations by limiting active load management and
replica migrations to primarily within a cluster.

Each node has an upper bound on the number of replicas it can
host, limited by a capacity constraint on CPU, Memory, Storage, I/O,
Threads, Reads, and Writes. The individual resources are normalized
into a standard measure, Requested Units (RU), which is the unit of
provisioning, allocation and billing of resources. RU is a unitless
measure, and typically 1 RU is required to support a steady rate of
1 key-value lookup per second over a Cosmos DB database; create,
update, delete and query operations are 5-10X costlier [20].

Each shard has a unique RU traffic profile. The replica alloca-
tion strategy determines if individual replicas will have enough
resources. The general strategy to mitigate resource contention on
a node is to redistribute some replicas to other nodes so that the
new allocation is more balanced. However, this results in replica
migrations, which consumes resource bandwidth and takes the mi-
grating replicas temporarily offline. This evokes three key questions
that form the migration policy: who-to-migrate, when-to-migrate
and where-to-migrate, and impacts overall delivery stress, migration
volumes, disruptive migration count, and the compute availability.

2.1.1  Simulated Annealing Policy. Azure Service Fabric’s Load Bal-
ancer (SFLB) performs the load packing and migration based on
Simulated Annealing (SA) [4, 26, 31], a statistical physics-based opti-
mization technique for NP-complete scenarios. SFLB has two modes
of triggering a re-balancing of replicas in a cluster: (1) Observing
a constraint violation on an individual node, or (2) Observing the
max/min “energy ratios” of SA crossing preset thresholds. Here
energy is a user-defined abstract function that captures the insta-
bility of the system state, e.g., the ratio of maximum to minimum
node utilization in the cluster. The underlying resource metrics (e.g.,
CPU usage, vacant RAM), the constraints on these metrics, and
the energy function are configured for specific SFLB deployments.
When a re-balancing is triggered, the algorithm does a time-bound
search of neighboring configurations and moves to the (nearly) best
configuration it finds. This reassignment is applied over a set of
replicas-to-node mappings, with 100s of migrations done in parallel.

2.1.2 A major challenge? Although SA policies are expected to be
efficient and locally effective, our early analysis showed a signifi-
cant imbalance in replica assignments, which negatively impacts
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Figure 2: Resource Usage Distribution

cluster-level utilization and migration costs at a cloud-scale. While
load balancing and distributed database optimizations are well-
studied, existing solutions take a restricted view. Some of them
solve the system-level resource management problem irrespective
of how cloud database workloads behave, while others try to ad-
dress aspects of distributed databases, but either with constraints
on stability and migration failures or with greater emphasis on
query reliability [16, 27]. In particular, we identify the need for
fault-aware load packing and resource management for managed
NoSQL databases on the cloud that goes beyond reliability or cost
constraints and jointly optimizes key dimensions of migration costs,
workload performance, scalability and fault rates.

Some of the most crucial bottlenecks towards such scalable frame-
works are: (1) The lack of open benchmarks of real NoSQL workloads
and fault profiles of complex large-scale cloud-managed distributed
databases, (2) The lack of meaningful metrics to jointly characterize
relevant dimensions, and (3) A lack of a robust policy simulator
to evaluate large-scale load profiles and fault/error distributions
before deployment. The subsequent sections address these.

2.2 Cosmos DB NoSQL Workload Dataset

We propose an open benchmark dataset based on real-world NoSQL
production workloads from Cosmos DB, and use it for our exper-
imental analysis. We extract, transform, and consolidate perfor-
mance telemetry of Cosmos DB and the underlying normalized
hardware for NoSQL requests with varying proportions of loads
(RUs). These workloads are from diverse applications, such as LLM
infrastructure, e-commerce websites, financial products, and en-
terprise productivity software deployed in North American data
centers. They have been suitably anonymized and masked so as to
not reveal any specific (de-anonymizable) details about the clients,
topology, or fine-grained infrastructure.

The workloads are from three Cosmos DB clusters, C1, C2 and
C3, with over 190 VMs each hosting about 8, 000 shards, serving
up to 8.5M RUs of load (Table 1). Of these, Cla and C1b come from
the same C1 cluster but for different time periods, with the smaller
dataset C1b better suited for computationally expensive ablation
studies or creating train—test data separation. All the clusters have
homogeneous nodes with identical resources. Individual nodes have
a memory threshold of 380GB and storage of 5.2TB. While the CPU
core usage ranges from [0.0, 1.0], we do not normalize across cores;
hence, the utilization per node can add up to more than 1 with
the per core usage bounded at 0.6. The workload artifacts are at
https://doi.org/10.5281/zenodo.15564578.

Figure 2a illustrates for C1b a Cumulative Distribution Function
(CDF) plot of the four key resource dimensions: request load (RU),
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Figure 3: Load and error rate analysis for Cluster C1b. (a, b)
Heatmaps of load and error distribution for nodes in March
2025. (c) Error rate distribution for node load bins.

CPU, memory and storage, with increasing replica counts. Although
correlated, differences in usage among these resources, especially
at the tails — since the CDFs do not converge at the same point —
indicate unbalanced load packing. The CDF of partition level load
(RUs) in Figure 2b compares different clusters and shows that the
same skew present across them. These tail-effects become crucial
at our operating scale.

The heatmaps in Figure 3 compare the load (RUs) and errors on
the C1b cluster through a week. This reveals the complexity of the
problem. In (a), nodes are ordered by increasing RUs (load) from
top to bottom, and (b) shows their error rates. We see no discernible
pattern or visual correlation. However, at a finer granularity, error
rates are almost always directly proportional to RU loads. This
highlights the limitation of current workload packing policies based
purely on resource constraints. Since Cosmos DB guarantees five-
nines (99.999%) of availability, tail errors at 1 ppm merely manifest
as borderline SLA violation. This requires us to jointly analyze the
RU load and error rate distributions.

2.3 Reliability and Efficiency Tradeoffs

A key aspect of this article is to practically improve experienced reli-
ability, beyond mere SLA constraints. While the load optimization
policy aims to optimize efficiency of compute allocation, the reliabil-
ity experienced by end users determines if a particular replica-node
assignment is of acceptable quality. Cosmos DB has a target SLA
of five-nines of availability. It has a comprehensive error tracking
system that logs every low-level failure with specific error codes. As
replicas run out of resources, errors related to latency, throughput,
availability, etc. start growing. At certain threshold, SLA monitors
will report availability incidents, requiring intervention. Reliability
and utilization efficiency form competing objectives here, which
makes this more nuanced than a simple bin-repacking.

Figure 3c shows a distribution of error rates reported on replicas
as the load increases. Here, we simulate loads of up to 6.3M RUs
per node on a cluster of 213 nodes, and sample logs every 5 mins to
record the error rates. The min-max RU load range are binned into
seven equal-width intervals, except for the initial underflow bin.
We resample the binned data using probabilistic bootstrapping and
Kernel Density Estimation (KDE) to ensure all bins have the same
sample size and obtain a continuous data density across the bins.

The adverse impact of load on error is clear. At RU loads of up to
3.46M, the errors rates are low and well below the QoS threshold
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of 0.001% (99.999% reliability). Beyond this, however, the fourth bin
has 1.2% of samples exceeding 0.001% error rate and last bin has
39.6% of violations exceeding 0.001%; errors above 0.01% are treated
as anomalies and censored. There is a clear monotonic decline
in reliability. While the throughput constraints are not yet being
violated, the error rate is impacting the QoS for the packing policy
used. Since errors climb non-linearly with load, a more uniform
load distribution will always provide better reliability than a lop-
sided ones. While this follows from Jensen’s inequality, we later
observe this in our empirical tests too. These motivate the need
for non-traditional user-facing metrics of reliability, and specialized
optimization strategies to address this at scale.

To capture the uniformity of load and utilization, we use the
P80/P20 ratio of utilization on high-load nodes to low-load nodes,
i.e., ratio of the utilization values of the 8oth
the 20%" percentile node. In a perfect system with uniform load,
% — 1.0. Fig. 4 shows the actual ratio distribution (In %) of
various resources and total load (RUs) over a week. The resources
(CPU/RAM/Storage) are unevenly utilized and the RU load is even
more skewed. So, even if the average load per node is low, a placement
strategy that leads to uneven distribution can create QoS hotspots.

Figure 5a shows the real distribution of RUs across nodes in our
benchmark datasets, C1b, C2 and C3. All of them have nodes that
are serving > 3M RUs, which can lead to policy violations as see in
Figure 3c, while none of them have very high average load density.
Such a long-tail phenomena leading to higher error rates can be
mitigated only by controlling the utilization variance. Next, we
propose a novel metric to capture this user-facing QoS.

percentile node to

2.4 Distressed Resource Volume (DRV) Metric

Cosmos DB maintains error rates for various hierarchical error codes
(or types) as a time series of counts by error code at the replica or
node level. They can be aggregated for a shard, node, account, etc.

A naive reporting of total error counts over long time periods
has no statistical merit and can be misinterpreted. The generation
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of an error code by itself may not be a concern. Although ideally no
errors should occur, complex large-scale systems behave stochasti-
cally, even under no duress. At Cosmos DB’s scale, with millions of
partitions hosted on hundreds of thousands of nodes, some base
emission of error codes will keep happening.

A clearer indicator of a fault is a burst of error codes emitted within
a short duration. These indicate more significant non-transient SLA-
impacting scenario. The RUs delivered to customers during these
bursts are delivered at a QoS inversely proportional to the number
of errors in that burst. This leads to our novel proposed metric,
Distressed Resource Volume (DRV), which reports the RUs (or any
specific resource dimension, such as CPU cycles, RAM, storage, etc.)
delivered at various levels of reliability (or conversely, distress).

Formally, let § be a uniform time window (often a function of
the sampling frequency of resource counters) within which we
measure the burst volume for errors. For a given node M I at timet,
let EX([t — 8, t]) be the number of errors across all types emitted by
this node between times ¢ —§ and t. With R(M) as the set of replicas
hosted on the node M, and I; being the resource consumption of the
specific replica, the RU-normalized error rate, called ERU (Errors
per RU), for node M at time t, is defined as:
Ep([t-6,1])

ZrnerM) It

This is essentially a measure of errors emitted per unit of load
delivered (RU). Using this, we split the entire range of ERUs into
a fixed number of uniform error bins, EB;(i < d), with the last

overflow bin being unbounded. We then define the DRV profile as a
kth

ERU(M, t) =

d-dimensional vector, where the component is the amount of
load delivered at the ERU value belonging to the kth bin. Formally,

DRV (M, T,Q) = Z I (1)
t,R(I;) €R(M)-E(M,t) €EBy
This novel profile vector captures the complete state of reliability
and user-facing delivery quality.

Example. Figure 5b compares the impact of two different replica
placement policies on the overall reliability, based on their DRV
profiles. The Y-axis is the volume of compute delivered (RUs) and
X-axis encodes the ERU bins. The area under this curve equals
the total compute delivered. Different policies packing the same
total RUs will have the same area under the curve but different
slopes at various points. Ideally, the packing policy should have the
most load delivered towards the left regions (low ERU and better
reliability) and lower loads as we go right, having lower reliability.
In this example, the orange policy in general delivers more RUs at
a lower ERU rate compared to the blue policy.

3 LOADSTAR: A NOVEL POLICY SIMULATION
FRAMEWORK

Before deploying any new resource management policies on massive-
scale infrastructure, cloud providers validate their impact using
policy simulators. This help uncover potential issues with poor
performance, which can affect the experience of millions of users,
or accrue tens millions of dollars of costs, before actual deployment.
Existing packing and migration policy simulators used in industry
tend to be proprietary. While they simulate the resource utilization
behavior with the aim of minimizing constraint violations, they fail
to provide insights into the experienced reliability of the end user.
We propose a new open-source packing policy simulation frame-
work, LoADSTAR, which simulates the load and corresponding er-
ror rates for Cosmos DB. The key technical contribution is the
non-parametric modeling of ERU-RU relationship; we demonstrate
empirically the effectiveness of these techniques in the context of
Cosmos DB workloads. This framework easily scales to multiple
clusters across multiple weeks. The LOADSTAR simulation frame-
work is now actively used in Cosmos DB to assess reliability profiles
of various scenarios. Later in this paper, we use it to estimate the
ERUs that will be generated for replicas based on the node-level
RUs achieved by our packing policies for a given workload, i.e.,
go from estimated resource metrics to the estimated end-user QoS.
LOADSTAR is available as part of the public artifact for this article.

3.1 Design

Figure 6 describes the overall schematic of LoADSTAR with the fol-
lowing key steps and modules. The Preliminary Processing module
converts the raw server logs for a past workload into a standard
form, addressing source level idiosyncrasies, e.g., some hosting sys-
tems change the identifier of a replica every time it moves, and
assigns unique IDs to each replica. The resulting Simulation Input
Data is in a standardized form with just the necessary columns, viz.,
each replicas node’s location at every timestamp, the utilization of
all resources, and the errors being emitted.

The Policy Executor generates the simulation trace correspond-
ing to the new policy encoded in the policy sub-module. It interfaces
with several sub-modules, which correspond to functions defined in
the problem formulation in Section 4.1. The State Space Manager is
a global configuration cache that tracks the current placement of all
the replicas. The Packing and Migration policy module implements
the packing policy Q(.) that is invoked along with contextual pa-
rameters, such as load (RU) forecasts, and is used for generating a
time ordered sequence of node-replica configurations which are
emitted into the policy simulation trace.

The Metrics Processor module first enriches the generated policy
trace with error rate estimates using the models discussed in Sec-
tion 3.2. The simulation trace is then converted to the same schema
as the input simulation data. The metrics processor then generates
the aggregate metrics (such as DRV) into a final metrics file, which
can then be analyzed to understand the impact of the policy on the
system behavior for the given workload.

This framework can also be used to simulate an alternate cluster
configuration, by updating the default global state space manager
configuration used for simulation with the updated configuration.
We use this when reducing the node footprints in Section 6.3.



Table 2: Actual and predicted ERUs for Clusters 1a and 1b.

Statistical || Actual ERU Pred. ERU |Observed - Predicted|
Measure Cla [ C1b Cla [ C1b Cla [ C1b
Mean 0.0069 | 0.0086 || 0.0068 | 0.0087 0.0001 0.0001
Median 0 0 0 0 0 0
Variance 0.0050 | 0.0083 || 0.0044 | 0.0085 0.0006 0.0002

3.2 Non-Parametric Models to Generate ERU
Estimates for RU Levels

We use non-parametric statistical models to estimate the ERU val-
ues for given RU levels. These do not make any distributional as-
sumptions and are effective in real data situations. We describe the
method, followed by convergence tests on the C1 datasets.

3.2.1 Methodology. We split the given RU range in the input trace
into bins, and for each bin we resample to achieve the target size
of ERU entries per bin. For this, we randomly generate RU values
within the bin range and find the corresponding ERU value using
KDE, with a fallback on probabilistic bootstrapping. If the ERU data
of the bin has enough variation (distinct values), KDE is used to
smooth the estimates for ERUs corresponding to new load values in
that bin. If the ERU data is sparse or has many duplicates, probabilis-
tic bootstrapping is used by relying on frequencies of ERUs in that
bin. Here, we resample ERU data points based on their probability
of occurrence in that bin.

We group the data into 2000 bins based on the node’s RU levels
such that each bin represents an equal percentile of total data. Hence,
for each bin, we store its node-level RU range and a distribution of
the ERUs with their frequencies within that bin. To generate ERUs
for a new policy based on node-level load, we identify the bin to
which it belongs and use nonparametric estimation within that bin
to generate corresponding ERUs using probabilistic sampling. This
gives more weight to ERUs that occur more frequently for that bin.

3.2.2  Empirical Tests of Convergence Guarantees. We compare the
predicted ERUs with the observed ones for the same load levels, and
show qualitative and quantitative distributional similarities. These
are done on Cla and C1b datasets. Figure 7 plots the observed and
predicted DRV profiles for 100k data points and their quantitative
metrics are shown in Table 2. The last column captures the I; norm
of the prediction error. The I; norms of prediction error (RMS) are
0.1138 and 0.1254 for C1a and C1b, respectively. The substantial
gap with [; error shows that the model is susceptible to outliers
and the prediction errors in boundary regions (high ERUs) may be
high. However, when used to validate system reliability, all ERUs
beyond a certain level result in SLA failures and therefore their
mutual distinctions are irrelevant. This is another reason why the
last ERU bucket in DRV profiles is censured with no upper bound.

Lastly, we apply this non-parametric model to example the ef-
fects of a placement policy. Specifically, Figure 7 plots the observed
DRV profiles in Cosmos DB for Cluster C1 using the Simulated
Annealing policy, and the estimated DRV profile for the same pol-
icy and cluster given by LOADSTAR. The observed and estimated
DRV profiles are almost indistinguishable. This is noteworthy since,
in contrast, the heatmap in Figures 3a and 3b had no visually dis-
cernible correlations. But as claimed earlier, it was just an artifact
of the granularity typical of statistical assessments; the ERU-RU
model proposed in this section is able to learn those relationships.

22 T22
[ [
= >
2 20 2 20
e o
%18 Z1s
FEC' —— Actual % —— Actual
$16 — Predicted <16 —— Predicted
10 30 50 70 90 110 10 30 50 70 90 110
mERUs mERUs
(a) Cluster 1a (b) Cluster 1b

Figure 7: DRV profile of observed and predicted ERU values

4 FORECAST AWARE EFFICIENT PACKING
POLICIES WITH ORBIT

In this section, we discuss the packing problem definition and the
ORBIT migration algorithm in detail. While we discuss the algorithm
in reasonable detail, we keep the formal definitions concise and
focus on the core decision points for the model.

4.1 Load Balancing Problem Formulation

4.1.1  Preliminaries. Let D! indicate a database and P’ be partitions
of a database. R is the set of all partition replica instances for par-
titions, with R indicating a single replica instance. M is a cluster
and M! € M are nodes (VMs) in the cluster. R(M?) is the set of
replica instances hosted on a node M’. In practice, all the nodes
have identical resource capacities to ensure fungibility.

Let I' € [0.0,1.0]% be the normalized d—dimensional resource
requirement vector for a replica instance R'. A value of 1.0 indicates
100% usage of that resource on a node. The key resource dimensions
we consider are CPU, RAM, storage, read and write IO, and threads.
I; is the corresponding time-series object that captures the resource
usage vectors, until time ¢, for that replica instance. Each node has
resource capacity constraints on its total provisioning. So, the sum
of resource requirement of replicas assigned to a node can never
exceed 1.0 for each of its dimensions, || X gicr(m) Flleo < 1.0.
In practical scenarios, cluster owners will put additional buffer
constraints on the node level provisioning, ensuring that the actual
resource usage is even lower (e.g., CPU utilization is generally
capped at 80%). We will refer to this constraint vector as B; the node
level resource bounds can now be expressed as Y gje g (M) I <B.

Let C be the configuration matrix capturing the assignment of
replicas to nodes; CJ’: = 1if replica R/ € R is assigned to node

M' € M, and 0 otherwise. Let C be the space of all these con-
figurations. We define the migration policy as Q : C — C that,
given the current configuration C; at time ¢ and the resource usage
timeseries across all replicas Z; until now, finds the successor con-
figuration Cy41 at time ¢ + 1 such that it has no capacity violations.
For simplicity we assume such a feasible assignment always exists
The policy will generate a new configuration only if the current
configuration has violations, as discussed next. Treating C as a set
of (replica-node) assignments, the symmetric difference between
the two configurations, |C;AC|]| is the gap between them, i.e., the
number of replica migrations required to transition from C; to Cj.

Let E; be the total count of errors generated by node M at time
t. EL(I;) are the errors that will be generated by a node M’ when it
is assigned some load of I;. These I; are d—dimensional resource
vector which capture the total aggregated resource requirements



Algorithm 1 Triggering Re-balance (Phase 1)

Algorithm 2 Selection of Migrating Replica (Phase 2)

1: Input: Configuration C, Predictions P(I{+A )Vj
2: Output: S, List of nodes whose total load needs reduction
3: for every node M! € M do

4: if Y piermi I £ B then > Current Violation

5 S=Su{M'}

6: end if )

7 if ZRjGR(Mi) P(I;+A) £ B then > Predicted Violation
8 S=SuU{M}

9: end if

10: end for

11: return S

of all the replicas on a node. We have CE; as the error generated
jointly by all the nodes of the cluster in configuration C at time ¢.

4.1.2  Problem Definition. Given a cluster M, node level resource
provisioning constraint B, a set of replica instances R assigned
to it, along with their d—dimensional resource usage time series,
a starting configuration Cp, and a migration policy Q. Q(C, R) is
a configuration path in the space C, the length of this path, de-
noted by |Q(C, R)|, is the number of times configuration change
happened. Each of these changes may require multiple individual
replica migrations, we refer to these as composite migrations. The
goal is to find the best policy Q that optimizes the loss metric de-
fined below among these configuration paths. Since each cluster is
self-contained, this problem is independently solved for each.

We define a loss metric L(M, R, Q) for the cluster specification
M, the instance loads for replicas R, and the migration policy Q
to capture the cost of executing a specific migration policy. Some
candidate loss metrics for evaluating Q are:

(1) |Q2(R)| = the total number of composite migrations
(2) Z(I)Q(R)‘ |Ci+1AC;| = the total number of replica migrations
(3) XtjeRCeQ(R).reT CE; the total errors emitted during the
time period T.
(4) 2tjeRCeQ(R),teT CE;.I{ the error level weighted sum of
compute load delivered during the time period T.
Each of these metrics captures a key aspect of the load balancing
costs. Optimizing the first one helps us contain the cost of actually
computing the packing configurations repeatedly. In scenarios in-
volving a large number of very small compute loads, calculating
these configurations becomes expensive enough to preclude it from
being done too frequently. The second metric that counts replica
migrations focuses on the cost of moving a replica. Migration takes
time, and creates temporary reduction in the RU serving capacity
since the replica being moved cannot serve any read load till it
comes online on the new node. The last metric is a QoS type metric
focusing on keeping the error rates as low as possible. DRV is a
denormalized version of this function and plays a pivotal role in
formalizing our reliable efficiency objectives.

The policy optimization problem is to find an Q which minimizes

the total loss £ over a replica population R.

Qorr = argmin L(M, R, Q) (2)
Q

where, M is a fixed cluster specification. We can say that the replica
set R is sampled from an ideal distribution R to account for reason-
able temporal variations in load time series. In our case, we have

1: Input: Unstable node set S, Predictions P(I{+A)Vj
2: Output: Rg, List of replicas which should be moved out
3: for every node M’ € S do

4 while X pjcrpiy I/ £ Bor Xpjcgmiy PUI,,) £ B do

5 if Y piermi) I/ £ B then > Current Violation
6 C = By > Pick resource dim. that is violated
7: end if )

8 if Y p; eR(M) P(I;M) £ B then > Future Violation
9 C = By > Pick resource dim. that is violated

10: end if

11: R/ = BINARYFIRST(M?, C) > Pick smallest replica that brings us

within threshold

12: Rs=Rs U {Rj}

13: R(MY) = R(M?) \ R/

14: end while

15: end for
16: return Rg

argued earlier that homogenizing utilizations leads to better QoS.
In the following section, we propose a new model which achieves
low P80/P20 ratios using load forecasts.

4.2 Proposed Load Balancing Model

Our OPTIMIZING RESOURCE BALANCING IN TIME (ORBIT) load bal-
ancing module is composed of three decision phases, viz., triggering,
selection and placement determination. Triggering decides when
to re-balance. These can be due to threshold breaches on resource
capacity contentions, or more abstract reasons of attaining higher
load uniformity across nodes. Once a trigger is provided, selection
determines which replicas should be migrated. Finally, placement
decides where each replica should be placed. Various approaches
for these three phases can be combined for an overall load balancing
strategy. We next describe the design of our load balancing model
which utilizes the quantile forecasts proposed in Section 5.

4.2.1 Triggering Algorithm: When to Migrate Replicas out of a Node?
We follow the standard node level constraint violation driven trig-
gering policy with a simple generalization to accommodate the load
forecasts. This algorithm marks a node for (out-)migration when
either the current or predicted load (RU), CPU, memory, or storage
utilization on a node violates capacity constraints. The capacity
thresholds are usually set empirically based on past error behavior.
Empirical proof of setting predictive windows is discussed in detail
in the next section. This predictive mechanism aims to preemp-
tively balance load, preventing a late migration when the node and
replica are already overloaded and serving traffic, which can cause
errors to start occurring and continue on/become worse till the
migration is completed. Algorithm 1 formally defines these steps.

4.2.2  Selection Algorithm: Which Replica(s) Should Be Migrated
from a Node? The various selection policies vary from lowest re-
source usage (minimize end user disruption) to the highest (min-
imize migration counts) [9]. To balance the user disruption and
migration cost goals simultaneously, we instead take an interme-
diate approach. For every node marked for load reduction by the
triggering phase, we arbitrarily choose a member from the set of



Algorithm 3 Placement of Migrating Replica (Phase 3)

1: Input: Unstable node set S, Migrating replica set Rs

2: Output: Q : Rs — M, map of replicas migrating into cluster

3: for replica R/ € Rs, in decreasing order of median RU size do

4 M= PoucyFiT(R/, P(I/,,))

5 if M == NULL then

6: M = PoLicyFIT(R/)

7: end if

8 QR)=M

9: R(M) = R(M) UR/ v R/ ’s load added into M for future decisions
10: end for
11: return Q

1: procedure PoLICYFIT(R, P(Iz4+p))

2 Input: A replica R and its load forecast P(I;+p)
3: Output: Node M with the best score
4
5

for node M! € M which can accommodate R do
fit = WorsTFITSCORE(M?) > Empty load capacity available

normalized by the maximum empty space

—_1 (I(P(M'UI;.p)).#)
¢ skew = =5 ArCCOS | AiGPUye) I
7: score[i] = fit + a.skew
8
9

if score[i] > max_score then
max_score = score[i]

10: max_idx =i
11: end if

12: end for

13: return Mmax_idx

14: end procedure

violated resource constraints and execute a binary search on an or-
dered (by the same resource) list of replicas to identify the smallest
replica set that brings the breach below the threshold. We refer to
this subroutine as BinaryFirst, with details given in Algorithm 2.

4.2.3  Placement Algorithm: Where to migrate the replica(s)? The
third and last phase of load balancing determines the optimal desti-
nation node for every replica being moved. Our proposed algorithm
uses a modified worst-fit approach that incorporates two scoring
metrics that are combined linearly for a final score.
(1) Load Factor: The normalized available space on the node, calcu-
lated as the node’s unused RU capacity divided by the maximum
empty space across all nodes. This score captures the 'worst-fit’
aspect of our policy and biases the selection towards emptier nodes.
(2) Skewness: This is a key component in all vector packing strate-
gies [6, 15, 21] that helps reduce the original high-dimensional
vector packing problem to a lower dimensional tractable version,
while possibly losing some accuracy. We define skew as,
1

1, 1) (3)
[1(MH)|[1]
Skew measures the angle between a node’s normalized resource
utilization vector I(M’) and the symmetric utilization vector (with
all 1’s). The minus sign and scaling normalize the value in the right
direction. The policy goal is to find placements that minimize the
angle. This helps avoid creation of node configurations with very
skewed resource availabilities. E.g., a node with no storage available
is unlikely to able to fill in its remaining CPU/RAM capacity as
every replica will need some basic storage footprint.

The placement algorithm linearly combines these scores to gen-
erate a final worst-fit ranking for all potential destination nodes.

1
skew = —— arccos
T

The scale factor a used for combining the two scores is determined
empirically in offline tests. Refer to Algorithm 3 for a formal out-
line of the OrBIT placement algorithm. These policies depend on a
suitable time series load forecasting model, which we propose next.

5 REPLICA LEVEL LOAD FORECASTING
WITH LUNA

Mapping workloads to the available resources is a crucial schedul-
ing problem to meet the required QoS. This reduces to an online
stochastic bin packing problem which, in its most general form, is
computationally intractable [21]. However, these are worst-case ad-
versarial bounds and in cases like managed database services with
long customer histories of compute requirements, load forecasting
can potentially help overcome the complexity barriers and achieve
better approximation ratios, as seen in earlier [9, 15]. Both the data
context and the packing algorithm which will use the forecast are
equally important in determining the outcome.

Specifically, the goal of our forecasting model is to predict the de-
mand for resources, CPU, RAM, Storage and load (RUs). Formally, the
target variable for the prediction is the resource usage P(I; A It_,)
for a given temporal look-ahead window A, given the historical
usage of n time units. Several salient aspects of our context govern
our forecasting framework’s design are:

e Low GRANULARITY FORECASTS: Since every node has substantial
buffer capacity to support transient RU bursts, we ignore all
volatility at time-granularity finer than 1-minute, and capture
only systematic variations happening over 10s of minutes.

e REASONABLE FORECAST WINDOW: Frequent replica migrations
impacts both reliability and efficiency. A reliable forecast of, say,
2 hours into the future can help avoid consecutive migrations
within that time window.

o AsyMMETRIC LossEs: Underestimating RU requirements impacts
reliability due to over-packing of nodes while overestimating it
causes efficiency loss due to under-used capacity. The optimal
tradeoff point between reliability and efficiency is a product
decision. The ideal forecasting model should work well on a
wide range of these choices.

e POINT vs. DISTRIBUTION EsTIMATEs: While most predictive load
balancing works rely on using good point forecasts [9, 16], they
can be costly to compute. Instead, we posit that distributional
forecasts are much more robust and provide sufficient information
for a compatible packing policy.

e SPATIAL ScoPE: Our load forecasts are at the granularity of each
replica instance, i, as required for the load balancing formulation
in Section 4.1.

LoAaD UTILIZATION PREDICTION FOR NOSQL WORKLOAD ANA-
ryTIcs (Luna) is simple predictive model that incorporates the
above principles. The time series modeling problem is simplified to
predicting the peak load value over 30 minute blocks. We use asym-
metric loss functions that have a higher over-estimation penalty
than under-estimation, implying reliability is more important than
efficiency. Finally, we train one model for one specific quantile to
keep the model complexity low.

We implement a time series forecasting framework for replica
loads using Microsoft’s LightGBM with quantile regression. We use
Whittaker-Eilers smoothing to smooth replica-level RU time series



Table 3: Comparison of Our Forecasting Model with ARIMA
and ETS (Pinball Loss) on RU Load for C1b

Improvement over

Percentile | Luna | ARIMA | ETS ARIMA ‘ ETS
0.001 58 3069 | 3751 98.1% 98.5%
0.25 1080 2800 | 3360 61.4% 67.9%

0.5 1420 2531 | 2968 43.9% 52.2%
0.75 1323 2262 | 2576 41.5% 48.6%
0.9 953 2100 | 2340 54.6% 59.3%
0.995 349 1997 | 2191 82.5% 84.1%

data, helping reduce noise while maintaining the trends in the data.
The timestamps are grouped into 30-minute intervals, ensuring a
consistent time granularity for the prediction task. Feature engineer-
ing is driven by basic statistics, and includes time-based features
such as the day of the week, hour of the day, and minute of the
hour, rolling window statistics (mean, median, and quantiles) over
multiple time horizons, along with higher-order moments (skew-
ness and kurtosis) that help capture the temporal structure and
volatility in the time series data. LightGBM’s quantile regression
uses Pinball Loss to predict specific percentiles of the time series.

5.1 Evaluation of Luna

Empirical tests are performed on the C1b workload, with 6 days
of training data and another 6 days as test data. We first analyze
the performance of predicting the total load (RUs) and benchmark
against standard forecasting models. We then introduce a simple
coverage metric relevant to our context that helps better visualize
the performance of LuNA’s forecasts. We then briefly discuss the
coverage behavior of RU and resource predictions.

5.1.1 Overall Load (RU) Prediction. We first evaluate Luna for RU
predictions. We measure the Pinball Loss (quantile loss) [29] of these
predictions to assess their statistical accuracy and compare our
model with two classical time-series forecasting techniques:ARIMA,
which trains a stationary time series model with seasonal adjust-
ment enabled, and with autoARIMA for parameter tuning; and
Exponential Smoothing (ETS) trained with a smoothing parameter
of 0.2. Table 3 shows that our model has a much better accuracy
than both ARIMA and ETS across load percentiles.

To better understand LuNA’s performance, we introduce a sim-
ple visual aid metric. COvERAGE DEVIATION C(p1, p2) is the gap
between the expected and the observed proportion of times when
the actual load (RUs) I; is falls between those percentile values,
ie, C(p1,p2) = [{t : It € [L(p1),L(p2)]}| — Ip2 — p1l. Here ¢
is a normalized time between 0 to 1 and L(p;) is the predicted
ith percentile of the load (RU) value. The sign of this metric indi-
cates in which percentile ranges the forecasts are systematically
under/over-estimating. Figure 8 shows the coverage deviations for
the RU predictions by Luna. The highest values appear in the top
left region, which means that most of data appears between the
lower percentile bands, e.g., [.01, .25]. This shows that our model is
systematically overestimating the loads. An equivalent observation
follows from focusing on the lowest negative value in the table and
follows the same reasoning.

5.1.2 CPU/RAM/Storage Prediction. We repeat the same analysis
with resource-level time series predictions. Figure 8 illustrate the
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Figure 8: Coverage Deviations for RU Load, Memory, CPU,
and Storage. Positive values indicate over-coverage; negative
values indicate under-coverage for C1b.

coverage deviations of LuNa on RAM, CPU, and Storage. While
the pattern is similar to RU, that values are less extreme. So the
model has an overestimation bias for all the resources’ cases but it is
weaker than that of RU. Table 3 shows that the absolute performance
numbers, by themselves, it is not enough and the true test comes
from it effectiveness for actual packing scenarios.

6 RESULTS ON PACKING POLICY

We evaluate our proposed ORBIT packing policy based on the Luna
prediction models using our LOADSTAR policy simulator, for the
four different Cosmos DB cluster datasets we have provided. We
first compare our ORBIT policy against the existing Simulated An-
nealing (SA) method used in Cosmos DB and a baseline policy
based on a Worst-Fit Optimization (WFO), primarily using 6 days
of C1b workload for a detailed analysis (Sec. 6.1). We then show
the generalizability of our approach to the other clusters, C1a,
C2, C3 (Sec. 6.2). Next, we examine the reduction in nodes pos-
sible using ORrBIT without significantly impacting the error rates
(Sec. 6.3). Lastly, we discuss hyper-parameter tuning of the models
(Sections 6.4, 6.5 and 6.6).

6.1 Comparing with Default & Baseline Policies

Besides the default SA algorithm used by Cosmos DB (Sec. 2.1.1),
we design a non-trivial no-forecast baseline using a Worst-Fit On-
line (WFO) packing policy to illustrate the hardness of this prob-
lem. WFO uses constraint programming to formulate replica place-
ment as a multi-dimensional bin-packing optimization problem [30]
across the 4 resource dimensions of RU load, CPU, memory and
storage. In each time period, it operates on each replica sequen-
tially based on its current load, and chooses a node that it should
be placed on based on maximum available capacity, i.e., worst fit. It
preserves existing replica assignment to nodes across consecutive
time periods if no change is required, and optimizes bin-packing
only for newly-arriving replicas, with constraints updated by the
removal of departing replicas. When incremental packing fails due
to resource constraints, it triggers a full-repack, which is expensive.
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We implement WFO using Google’s OR tools [23]. For the OrRBIT
model, we use the default hyper-parameters of @ = 4, a forecast
window of 2h ahead and a forecast percentile of P50 median chosen
from the Luna model’s output.

Fig. 9 (left) shows violin plot distributions of the natural log of
the P80/P20 ratios for the four resource metrics for Cluster C1b,
sampled every 5 mins, when this workload is packed using WFO
(blue), SA (purple) and OrBIT (orange), as reported by the LoADSTAR
policy simulator. As we see, the ratios for WFO are better than SA,
with lower variability and also resource ratios that avoid hotspots
in the cluster. This confirms that WFO is a competitive baseline
to compare against. We also see that ORBIT does even better than
WFO, and has an even tighter and lower violin with the median
P80/P20 ratio ranging from 1.34-1.73 across the resource types.
This shows substantial improvement in the uniformity of utilization
across nodes, with little difference between cold (P20) and hot (P80)
nodes. This improvement carries forth to C2 and C3 as well, with
OgrBIT having lower ratios than SA; WFO could not complete on
these larger clusters due to high time complexity.

This consequently improves the DRV profile of placements done
using OrBIT (Fig. 10a), which exhibits higher RUs delivered at
lower ERUs, compared to SA and WFO. E.g., for the lowest error of
10 mERUs (Fig. 10a, inset), OrRBIT delivers 163B RUs, compared to
137B for WFO and 145B for SA. Since the total load is the same for
all policies, the reliability is highest for ORBIT.

The total number of migrations over 6 days is 19.3k for WFO,
34k for SA and just 47 for ORBIT; but in the context of 35.4k total
replicas, these are all modest migration numbers. While WFO ac-
commodates the replica flux incrementally without requiring any
regular migration, it does causes a full re-balance once during this
period with 19.3k migrations taking place along with the associated
flux; this peak is 18.7k migrations for SA and 7 for ORBIT.

WFO cannot be used for online decisions due to its latency to
solution. E.g., when < 500 replicas arrive/depart in a 5-min window,
it takes 30-60s to solve, but this rises to 5-8 mins for 3000+ replicas
and almost 1h for a full repacking. In contrast, ORBIT takes under
30s to execute but, importantly, does not need to execute in real-
time since it relies of LuNA’s forecasts that give it 10s of minutes if
not hours of lead time to decide and execute the re-balancing.
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Figure 10: DRV profile for different strategies and hyper-
parameters on Cluster C1b

6.2 Generalizability to Diverse Clusters

Next, we demonstrate the generalizability of the ORsIT to different
clusters, validating it over the bigger and qualitatively different
cluster datasets, C2 and C3. In Fig. 9 (right violins), we see that
the P80/P20 ratios for our policy remains low using ORBIT for
C2 and C3 (green and red violins), showing a comparable if not
better median ratio than even C1b with resource ratios ranging
between 1.33-1.69 and 1.34-1.64, respectively. This confirms that
our combine forecasting and policy approaches (Luna +ORBIT)
together are able to achieve a more uniform resource usage across
all nodes, even with a longer time period of evaluation (54 days),
and avoid hotspots that can lead to user-facing long-tail errors. The
hyper-parameters for ORBIT were themselves chosen based on a
ablation study for the Cluster C1b, as discussed later, and tuning
on such smaller datasets is still sufficient to generalize to larger
clusters. The baseline WFO policy is not reported for these clusters
due to the high time complexity (running into days/weeks) to solve
for the large time periods for these datasets.

6.3 Resource Efficiency Gains

While the earlier results showed the improvement in tail errors and
better user experience using ORBIT, we use the same framework to
explore potential reduction in resource allocation for then clusters
to reduce the operational costs. Specifically, we reduce the number
of nodes assigned to the C1b cluster in steps of 5%, from 100% to 65%,
and use our ORBIT for the placements; any lower and the replicas
could not be placed. We report their DRVs in Fig. 10 and P80/P20
ratios in Fig. 11. As we see, as the resource footprint reduces, the
P80/P20 resource deviations marginally change, e.g., from 1.73 for
RU ratios with 100% nodes to to 1.60 for 65% nodes, which is actually
an improvement. We also see that the DRV profiles are comparable
even with fewer resources, with some higher RUs at higher error
rates, e.g., delivering 151.2B RUs using all 100% nodes vs. a lower
147.5B RUs with only 65% nodes, at a low error rate of 10 mERU,
and 1.47B RUs with 100% nodes vs. 1.65B RUs with 65% nodes, at a
higher error of 100 mERU. Migrations caused remain small enough
to not play a factor. Since the node resources are captively allocated
to the cluster, a reduction in the node footprint directly results in
lower operational costs for Cosmos DB.

6.4 Tuning Skewness Parameter o

Next, we outline the effect of different hyperparameter tuning on
OgrBIT, with the best ones chosen in the results reported above.
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using ORBIT for different node footprints, for Cluster C1b
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using ORBIT at different o skewness, for Cluster C1b

We first compare different values of a, which is the weightage
given to the skewness in Algorithm 3. This is to assess the relative
impact on packing quality measured in terms of total migrations,
utilization ratios, and skew distributions. Here we use a “perfect”
(oracle) forecast since the goal is to select the most suitable value of
a without biases introduced by our Luna forecasting model. Hence,
we evalaute these on the first 6 days of the C1b dataset.

We try values of « ranging from 0.1 to 10.0, and observe their
P80/P20 violins (Fig. 12). Values of skewness that cause upper long-
tails and outliers are not suitable since they indicate hotspots among
the nodes. As we eliminate such « values we are left with values in
the middle ranges of Fig. 12. The o skewness also modestly affects
the number of migrations that are triggered by our ORBIT policy,
but the counts are small enough (< 10) in all cases to not materially
affect the performance. The DRV profiles at different & (not shown)
are similar between 1.0 and 4.0, but worse at the extremes of 0.1
and 10. Hence, we fix the default as a = 4 in all experiments.

6.5 Tuning Forecast Window for Packing Policy

We next evaluate various forecast time window sizes, i.e., how long
ahead we forecast the resource loads using Luna model before
passing it to the OrBIT model. Typically, longer forecasts can lead
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) ratio for each resource for nodes packed

to more stable packing but may also have higher forecasting errors.
Forecasting noise can translate to more resource contention.

We evaluate time windows of 0.5h to 24h forward time windows,
and include the zero time window as well, to be able to compare
with the vanilla no-forecast version of the policy as a baseline.
Fig. 13 reports the In of the P80/P20 ratio for the resources. The
first result that stands out is that not using forecasts (corresponding
the 0 hr time window) creates multiple orders of magnitude of
degradation in first few days and it continues to be poor even
later. Secondly, among the different forecast windows > 0h, the
relative differences in P80/P20 ratios and even the DRV profiles (not
shown) are small, which indicates that even a 30 minutes advance
knowledge of upcoming load can play a key role in better utilization
ratios. Lastly, the performance of these models are not sensitive to
small parameter changes, which makes them more generalizabile.

As a result, based on the modestly lower P80/P20 ratios for RUs
and fewer outliers for other resources, and with an intent to lower
the cost and potential errors when computing longer windows, the
2h forecast window is used as the default parameter for ORBIT.

6.6 Tuning Forecast Percentile

As seen in Section 5, the Luna forecasting model is tuned conser-
vatively to have a higher under-estimation penalty than an over-
estimation one, allowing for over-subscription buffer. From the
forecast distribution, we need to pick one of the percentile values
to pass onto the ORBIT packing mode. The migration counts (not
shown) for both very low and high forecast percentiles used for
the packing policy gives suboptimal performance, leading to 1000s
of migrations; the fewest migrations are for 25%’ile and 50%’ile.
Low value < 20%’ile end up under-estimating the runtime traffic,
causing migrations due to constraint violations, while high values
> 60%ile estimates leads to frequent overestimation of future load
and consequently preemptive migrations. This is further validated
by Figure 14, where one can see the poor performance on both the
P10 and P90 extremes. Consistently, the DRV profiles (not shown)
for P10 and P90 are worse while P25, P50 and P75 are all better and
comparable. Since ultimately the goal is to pack RUs we chose the
P50 forecasts as the default in our ORBIT model.



7 RELATED WORK

Benchmark Datasets for Cloud Workloads. Much the research around
workload optimization, even for cloud-hosted databases, have lever-
aged Yahoo Cloud Service Benchmarking (YCSB) tool with Ap-
plication Performance Manager (APM) modules [7, 25]. Another
frequent benchmark for NoSQL DBs such as Redis is with YCSB
tool [1]. This has even been used for testing different systems op-
timization frameworks [28]. SPEC IaaS application performance
benchmark tool [22] is also a widely used for cloud applications. A
recent survey enumerates numerous cloud traces [18]. However,
almost all view this problem as a cloud resource management issue,
and assume that generic solutions validated on the above bench-
marks apply to large-scale managed cloud databases. But they do
not consider the nuances of distributed, managed and hosted database
services, that bring with it subtleties such as redundancies (replicas),
sharding, migrations, and faults. Some works to attempt to narrow
down on load optimization for database services the above, such
as ResTune[35] that benchmark with OLTPBench TPC-C [8] and
SYSBENCH. But they focus on either OLTP or OLAP databases but
not both, and the benchmarks only characterize query distributions
and transactions, not fault rates, packing densities or loads.

Database Partitioning and Placement. There are a number of existing
works that examine placement of database partitions on distributed
machines based on various quality and performance metrics. Some
try and spread the load across servers for load balancing while oth-
ers try and co-locate them to avoid distributed execution. Zaharia et
al. [3] explore the placement of shards on different servers such that
queries that access multiple shards can do so in parallel, i.e., shards
that are concurrently accessed are placed on different servers to re-
duce the tail-latency for query execution in OLTP workloads. This
is solved using an MILP formulation that decomposes the problem
into sub-problems, which can each be solved within seconds.
Others have taken an opposing view, of trying to minimize the
number of stores that are accessed to execute a singe query, with the
goal of minimizing data movement and coordination [14]. Accor-
dion [27] uses affinity between partitions, i.e., the those that are co-
accessed within transactions, to estimate the load on servers host-
ing the partitions. It dynamically changes the partition placement
on servers by solving a MILP optimization problem, to minimize
the data movement while ensuring the throughput and memory
capacity of a server is not violated and the replication factor is met.
In contrast, in our work, the database partitioning and replica-
tion factor have been decided by Cosmos DB. Our goal is limited
to placing these partition replicas on the right set of machines,
with fewer degrees of freedom. Further, we consider reliability as
the primary metric rather than query latency. We also develop a
forecasting model to predict and elastically change the placement.
Others have take a similar approach such as ours to use a fore-
casting model for query loads and a performance prediction model
to decide placement strategies. OptimusCloud [19] does joint tun-
ing of VM configuration and databases for NoSQL databases under
dynamic workloads. Wu et al. [17] note that past and current load
on the system is not a good indicator of future load. They predict
the future transaction workload and use this for query routing,
load balancing, re-partitioning and live migration. While we also
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employ forecasting models, in contrast, we use the Distressed Re-
source Volume (DRV) as a novel user-facing metric to optimize for.
We leverage our non-parametric simulator, used in production, to
evaluate our packing policies.

Eigen [16] uses a hierarchical scheduler for hot, warm and cold
servers available to scheduling database instances. It does online
resource allocation and offline rebalancing with migration for avail-
able machines, using vectorized resource optimizer (VRO), to pack
instances into as few servers as possible. It uses warm machines as
buffers to handle surges forecasted using exponential smoothing
timeseries model. We only consider a single type of server and
rather than the traditional approach of packing efficiency based
on resource usage, we instead target the user-facing DRV metric,
which better reflects the experienced reliability and any incidents
that are raised. We also use a forecasting model to guide our place-
ment, but also have a policy simulator to validate our proposed
policies to offer high confidence before production deployments.

8 CONCLUSIONS

In this article, we have proposed open source benchmark datasets
for NoSQL workloads based on real Cosmos DB traces, defined
the DRV user-centric QoS metric, and developed the LoADSTAR
simulator framework to evaluate the effect of placement policies on
the SLA for Cosmos DB workloads. These are valuable resources
for the cloud database community. Further, we have propose the
ORrBIT algorithm that solves an optimization problem for replica
placement to improve experienced errors by uses, which uses the
Luna load forecasting model. These are validated using LOADSTAR
for these workloads, and out-perform the Simulated Annealing
model used in Cosmos DB and a worst-fit based solution. We see
clear improvements in the load delivered at lower errors by ORrBIT,
and can reduce the resource footprint by 35% without impact on
the QoS. These are currently in production in Cosmos DB.
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