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ABSTRACT
There has been a growing demand for making modern cloud-
based data analytics systems cost-effective and easy to use.
AI-powered intelligent resource scaling is one such effort,
aiming at automating scaling decisions for serverless offer-
ings like Amazon Redshift Serverless. The foundation of in-
telligent resource scaling lies in the ability to forecast query
workloads and their resource consumption accurately. Al-
though the forecasting problem has been extensively studied
across various domains, there is a lack of thorough analysis
of existing forecasting algorithms for large-scale, real-world
cloud query workloads. This paper fills this gap by providing
an in-depth analysis of forecasting algorithms for real-world
cloud workloads, covering the fundamental data characteris-
tics that distinguish query workload forecasting from prior
problems and evaluating the strengths and limitations of
existing algorithms in this new domain. We anticipate that
our findings will provide valuable insights in informing the
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design of an efficient and effective solution for production
use, as well as in steering the forecasting community toward
more effective algorithms of high real-world impact.
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1 INTRODUCTION
There has been a growing demand for making modern cloud-
based data analytics systems cost-effective and easy to use.
Intelligent scaling in Amazon Redshift is one such effort:
While Redshift’s provisioned clusters allow the user to specify
the cluster size and the underlying EC2 instance type to pro-
vision, serverless clusters automatically provision and scale
the data warehouse capacity to respond to changing cus-
tomer workloads. In particular, the new intelligent scaling
feature boosts the existing serverless offering by intelligently
allocating compute resources, based on AI technology, in the
face of a variety of workload variability [26].
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Table 1: Categorizing different practical use cases of workload and resource forecasts
Use Case Forecast Target Dimensionality Long/Short-term Forecast Scaling Operation

Idle Windows Idle period Univariate Long/short-term Release unused resources ; schedule
maintenance or disruptive operations

Dynamic Compute High load (spikes) Univariate / Multivariate Short-term Allocate additional compute resources

Reserved Compute Entire workload Multivariate (w. distributions) Long-term Optimize reserved capacity

The foundation of such intelligent resource scaling lies in
the ability to accurately forecast query workloads and their
resource consumption. Although the forecasting problem
has been extensively studied across domains such as finance,
weather, and sales, with techniques ranging from statistical
methods [4, 6, 16] to recent deep learning models [5, 9, 18, 27,
29, 38] to the latest foundation models [3, 10, 39], there is a
lack of thorough analysis of existing forecasting algorithms
for large-scale, real-world cloud query workloads.

For query workload and resource forecasting, Table 1 sum-
marizes three practical, important use cases. In particular, the
first use case refers to the forecast of idle windows, the sec-
ond refers to the forecast of high load windows, and the third
refers to the long-term forecast of resource needs. All these
use cases may occur within a compute cluster for intelligent
resource scaling. Details are as follows.

Use Case 1: Idle Windows. Serverless offerings are usually
billed on a per-use basis, i.e., customers only pay when they
actively use their endpoint. A typical online optimization
is to release unused resources during extended idle peri-
ods. Forecasting such time windows of low to no activity is
therefore crucial for an economic implementation. Another
important capability unlocked by forecasting idle windows
is the ability to schedule maintenance or other disruptive
operations more optimally.

Use Case 2: Dynamic Compute. Acquiring new compute
resources usually takes a certain amount of time, i.e., there
is a delay between the request and fulfillment. Re-actively
requesting resources might not be sufficient in the face of
short but pronounced spikes in the workload, e.g., the case
that a workload burst is already mostly over by the time the
additional compute becomes available to use. For such cases,
it is desirable to have a predictive approach that foresees
workload bursts and proactively allocates enough additional
compute capacity to adequately deal with them once they
do arrive. In cloud warehouses, a workload burst can for
example be characterized as a period in the future with a
large number of arriving queries (e.g. many short dashboard
queries), large concurrent memory needs (e.g. a fewmemory-
intensive ETL queries), a total compute usage exceeding
the available resources, or a combination of these factors.
Contrary to the previous use case that targets idle periods,
the forecast here focuses on workload peaks, specifially their
magnitude.

Use Case 3: Reserved Compute. As mentioned above, ac-
quiring compute dynamically comes at the cost of additional
overhead. It is therefore desirable to have some reserved
amount of compute resources always ready to go. Deter-
mining the correct capacity to reserve requires forecasting
the workload on a longer horizon (e.g., next couple of days).
For systems such as Amazon Redshift, one option here is
to perform multivariate forecast on the number of queries,
total resource needs (e.g., sum of required CPU time), and
concurrent memory needs. Further having distributions on
these forecast signals will help enable scaling decisions with
high confidence.
Contributions. This paper provides an in-depth analysis of
forecasting algorithms for predicting real-world cloud work-
loads. In particular, in the context of Redshift Serverless or
more specifically its next-generation AI scaling [26]. Our
study is motivated by the observation that, while forecast-
ing has been well studied in other domains, query workload
forecasting has been under-addressed in the literature, and
the challenges faced by the practitioners are not well known
to the research community. To this end, our analysis char-
acterizes the fundamental data properties that distinguish
the forecasting problem in this new domain from other well-
studied forecasting problems, and highlights the strengths
and limitations of existing forecasting algorithms for this
unique problem. The insights gained in the above analy-
sis inspire us to design our own forecasting algorithms to
better suit the query workload forecasting problem. More
specifically, our paper makes the following contributions:
1) Data Analysis. We begin by analyzing the fundamen-

tal data characteristics of cloud workload metadata history,
such as spikiness and multiple seasonal periods. These pat-
terns are prevalent in production clusters, yet the exact mix
of spikiness and seasonality patterns in each cluster varies
significantly. In addition, we observe that serverless work-
loads exhibit higher degrees of spikiness and volatility (ir-
regularity) than provisioned workloads, making them more
challenging to forecast.
2) Baseline Model Analysis. We then analyze the “pre-

dictability” of production workloads using a baseline algo-
rithm (seasonal naive weekly) that forecasts the future work-
load based on the observations in the past week, which has
been shown to be a suitable baseline given the data charac-
teristics. Our analysis shows that this baseline can forecast
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light query loads within a factor of 2 for about 60%-80% of
the clusters (depending on the time series of choice), but is
subject to severe performance degradation in forecasting
high-load windows (which is required in use cases such as
dynamic compute).
3) Advanced and Custom Models. We further investigate

a range of machine learning-based forecasting algorithms,
from statistical to deep learning-based to foundation models,
for forecasting high load windows. Our findings reveal that
no individual machine learning model consistently outper-
forms the baseline, and their forecasting accuracy falls short
of satisfactory levels. Therefore, we develop customized en-
semble models, both local and global, that combine multiple
promising candidate models using automatically learned
weights within an AutoML framework (specifically, Auto-
Gluon [32]). Notably, even the predetermined model ensem-
bles in AutoGluon prove inadequate for our datasets. To
address this, we introduce, to the best of our knowledge,
the first custom ensemble models for query workload fore-
casting based on a systematic approach. These models are
specifically tailored to overcome the challenges presented by
our unique forecasting problem. Across the fleet, our custom
ensemble models have been shown to provide remarkable
improvements over the baseline: the ensemble models re-
duce 38-77% errors on average for the serverless workloads and
12-56% errors on average for the provisioned workloads.
4) Future Research Directions. The results of our analysis

also enable us to identify several promising directions for
future research on forecasting. We anticipate that our find-
ings will be valuable in steering the forecasting community
towards developing more effective algorithms of high real-
world impact, especially for query workload forecasting and
intelligent resource scaling.

To facilitate the research community in conducting similar
analyses, we have released in the public domain a dataset of
both provisioned and serverless workloads (https://github.
com/amazon-science/redset/). This dataset contains all the
necessary features and offers valuable properties such as
diverse workload sampling, enabling similar studies to ours.

2 RELATEDWORK
We survey a number of areas broadly related to our work.

Forecasting Methods. Time series forecasting has been
intensively studied in statistics and machine learning litera-
ture. We survey methods in a few categories below.
Statistical models. Traditional statistical models such as

ETS [16], ARIMA [6] and Theta [4] are designed to capture
common time series patterns like trend or seasonality. These
models often make unrealistic assumptions such as Gauss-
ian distribution of errors or stationarity, which can lead to
inaccurate forecasts when these assumptions are violated

[8]. Still, statistical models often provide competitive results
and remain widely used by practitioners [15, 21].
Deep models. Recent years have seen a surge of deep

learning models for forecasting [5, 9]. Popular examples
of this class of models include DeepAR [29], MQCNN [38],
PatchTST [27] and Temporal Fusion Transformer [18]. The
models themselves are based on deep learning architectures
for sequential data such as recurrent neural networks, 1D
convolutional neural networks, or transformers. The above
deep learning models still need to be trained from scratch for
each specific task, which makes them not suitable for cases
when limited historic data is available.

Foundation models. Pre-trained time series models like
TimesFM [10], Moirai [39] and Chronos [3] represent the
most recent advances in the field of time series forecasting.
These models are pre-trained on large collections of time
series data and can generate forecasts for new, unseen time
series in a zero-shot manner.

Robust, Fast Online Time Series Analysis. Motivated
by cloud use cases, a recent line of work has focused on ex-
tending classical time series forecasting methods such as STL
(Seasonal-Trend decomposition using LOESS) with improved
functionality, robustness, and efficiency on data streams. Ro-
bustPeriod [36] finds multiple periods and variable lengths
of the periods via wavelet transform. However, it finds peaks
in the time domain and takes the mean value as the period
length, which may not suit our diverse, spiky workloads. Fas-
tRobustSTL [37] is an improved version of RobustSTL [35]
for efficient computation. OnlineSTL [24] supports stream
processing for STL decomposition. OneShotSTL [13] is an
online algorithm for STL decomposition with lowest com-
plexity. As we will show in our study, none of the individual
forecasting models work well for complex product work-
loads. For this reason, prior work that focuses only on the
STL family of algorithms is unlikely to be effective for fleet-
wide workloads, which differ widely in data characteristics
and the patterns to detect.

DBMS Workload Forecasting has gained significant in-
terest in the database community recently. Peloton [28] is
an envisioned self-driving DBMS that operates on forecast
query workloads. Its workload forecasting solution, Query-
Bot 5000 [19], predicts the expected arrival rate of queries in
the future. To this end, it extracts the templates from query
strings, clusters the query templates based on their arrival
rate temporal patterns, and then predicts the future arrival
rate pattern for each query cluster. Similarly, Tiresias [1] pre-
dicts data access characteristics such as latency and volume
of accessed data based on query arrival patterns. Meduri
et al. proposed to predict the next query based on the cur-
rent query and forecasts the literals in the query as a bin of
possible values using RNNs and Q-learning techniques [23].
Sibyl [14] further extends to forecasting future query traces

https://github.com/amazon-science/redset/
https://github.com/amazon-science/redset/
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with precise query statements for time-evolving workloads,
with the underlying assumptions that real workloads are
highly recurrent and highly predicable.
The above solutions do not suit our intelligent resource

forecasting problem for a number of reasons: First, prior
work such as Sibyl [14] focuses on specialized workloads,
such as point lookup queries in a decision support system and
analytical queries in an internal revenue reporting system.
While recurrence and predictability may be stated for these
workloads, in this study we re-examine such statements
over fleet-wide production clusters. In particular, produc-
tion workloads are very diverse and often a mix of recurring
and ad-hoc workloads. Intelligent resource scaling requires
accurate forecasts of the entire mix, not a subset of the work-
loads. Further, even recurring queries may appear at differ-
ent times, with a significant time shift across days or weeks,
which makes it difficult to have fine-grained resource fore-
casting (e.g., for hourly or 10-minute windows). Second, by
design our forecaster does not require access to query strings.
This is because extracting query templates, clustering these
templates, and building a forecasting model for each query
cluster incurs substantial overhead on production clusters.
We prefer a more efficient time series forecasting solution to
minimize model training overhead on production clusters.

Cloud Workload Analysis. Shahrad et al. [31] analyzed
the workload of Function as a Service (FaaS), in particular, a
2-week dataset of invocations of Azure Functions including
their trigger types, invocation frequencies and patterns, and
resource needs. This dataset includes limited recurring func-
tions: 95% of applications have at most 10 functions and only
0.04% of the applications have more than 100 functions. In
comparison, our analysis used 3-month datasets that include
much larger query workloads and exhibit a wide variety of
spikiness and seasonality patterns. Furthermore, the method
for modeling inter-invocation times in that study is not fea-
sible in our case given our large number of queries and the
fact that our forecasts need to accommodate both recurring
and ad-hoc queries. WiseFuse [20] further analyzed a two-
week trace of Azure Durable Functions and reported that the
vast majority of serverless workflows are recurring: the top
5% most frequent workflows constitute 94.6% of workflow
invocations. In contrast, query workloads analyzed in our
study are less regular due to the presence of ad-hoc queries
and the varying arrival times of recurring queries. Recent
work [33] analyzed the Amazon Redshift fleet as a whole,
showing that write-heavy data pipelines are prominent and
workloads vary over time in both load and type. However,
that study did not articulate or quantify the challenges in
workload forecasting, which is the focus of our paper.

3 FLEET DATA ANALYSIS
To support all of the use cases mentioned in earlier sections,
the intelligence of forecasting lies in a deep dive into the
metadata history of past queries, specifically their runtimes
and resource consumption metrics. When a significant frac-
tion of the workload recurs, the forecaster can leverage the
recurring patterns to predict the future workload in a given
horizon and quantify the confidence in such predictions.

In this section, we provide an in-depth analysis of produc-
tion cluster workloads, including their intrinsic patterns and
impact on effective workload forecasting.

RepetitionRate. For workload analysis, a relevant notion
is repetition rate, that is, how many queries repeat in each
client cluster. Recent work has shown that many production
workloads exhibit recurring patterns. For example, 50% SQL
queries repeat in about 50% of Amazon Redshift clusters [33].
Despite the above results, we posit in this work that “re-

peatability” is not a sufficient measure for precise resource
forecasting. The reasons are two-fold: (1) Even if a fraction of
queries repeat in a client cluster, their arrival times may vary.
For example, a recurring ETL job may occur with half an
hour difference across days, which makes it hard to achieve
precise resource forecasting for small time windows, e.g., 10
minute horizons. (2) The entire workload on a cluster is a mix
of recurring queries and ad-hoc queries. Resource forecasting
needs to capture the query runtime, memory consumption,
etc. for the entire workload, not just the recurring queries.

Predictability. For the above reasons, we introduce a new
notion, “predictability”, to evaluate real-world production
workloads. Predictability is defined based on the accuracy
of forecasting a resource metric (e.g., the number of queries,
total resource consumption, or the concurrent memory needed)
into a future horizon. When the accuracy of a forecasting
algorithm is sufficiently high (e.g., within a factor of 2 of the
ground truth value), we claim that this cluster’s workload is
predictable.
In this study, we conduct an analysis of the fleet of Red-

shift clusters on “predictability”. The results of this study will
provide valuable information to answer two main questions:
(1) What data characteristics of query workloads make the
resource forecasting problem unique and perhaps more chal-
lenging compared to well-studied domains like weather and
sales forecasting? (2) Given such data characteristics, how
many production workloads can be considered “predictable”
given available forecasting methods?

3.1 Characteristics of Real-world
Workloads

Our analysis uses two datasets comprised of internal teleme-
try data, especially query metadata such as arrival time, exe-
cution time, maximummemory needed, the number of tables
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Table 2: Data characteristics of hourly time series in provisioned (A) workloads.
Provisioned Clusters

Query Count (QC) Runtime Total (RT) Bytes Scanned (BS)
Spkness 𝐶 (24) 𝐶 (168) 𝐶 (336) 𝐶 (672) Spkness 𝐶 (24) 𝐶 (168) 𝐶 (336) 𝐶 (672) Spkness 𝐶 (24) 𝐶 (168) 𝐶 (336) 𝐶 (672)

p50 1.00 0.55 0.52 0.45 0.36 1.05 0.44 0.42 0.33 0.26 1.08 0.52 0.46 0.36 0.30
p90 3.78 0.89 0.87 0.83 0.79 5.38 0.86 0.83 0.74 0.64 3.69 0.90 0.86 0.81 0.73
p100 8.28 0.99 1.0 1.0 1.0 29.7 0.95 0.99 0.98 0.97 12.5 0.98 0.99 1.0 1.0
Mean 1.70 0.52 0.51 0.46 0.38 2.52 0.43 0.43 0.37 0.30 1.88 0.51 0.46 0.41 0.33

Table 3: Data characteristics of hourly time series in serverless (B) workloads.
Serverless Clusters

Query Count (QC) Runtime Total (RT) Max Memory (MM)
Spkness 𝐶 (24) 𝐶 (168) 𝐶 (336) 𝐶 (672) Spkness 𝐶 (24) 𝐶 (168) 𝐶 (336) 𝐶 (672) Spkness 𝐶 (24) 𝐶 (168) 𝐶 (336) 𝐶 (672)

p50 2.76 0.48 0.42 0.28 0.19 2.94 0.37 0.28 0.22 0.13 2.79 0.37 0.27 0.20 0.13
p90 7.20 0.87 0.78 0.73 0.64 6.68 0.83 0.76 0.67 0.56 5.76 0.84 0.78 0.74 0.64
p100 30.6 0.98 0.97 0.97 0.98 20.0 0.98 0.96 0.98 0.96 44.5 0.96 0.97 0.97 0.97
Mean 3.96 0.47 0.40 0.40 0.25 3.76 0.42 0.36 0.30 0.22 3.60 0.41 0.36 0.30 0.23

scanned, the number of bytes scanned, etc. Both datasets
were extracted from workload histories of production clus-
ters, with up to 3 months of query metadata per workload.
Datasets. The two selected datasets have different yet rep-
resentative characteristics for resource forecasting.

Workload A: Provisioned Clusters. Although intelligent
resource scaling is an Amazon Redshift Serverless feature,
we include Redshift’s provisioned workload in our study to
understand whether there is currently a difference in work-
load between customers selecting Redshift Serverless over
provisioned clusters. This dataset includes workload metrics
of 200 Redshift provisioned clusters for 3 months in 2024.
These clusters were sampled from the Redshift fleet using
customized stratified sampling, with more weights given
to busier clusters in terms of the number of queries and
accumulated query runtime.

Workload B: Serverless Clusters. Our second dataset con-
tains 3month ofworkload traces of 200 clusters fromRedshift
Serverless at the end of 2023. Again, they were sampled from
the fleet using our customized sampling method.
Signals for Resource Forecasting. As informed by our
use cases, we computed a variety of signals useful for re-
source scaling decisions, each of which is a time series for
forecasting. These signals include: (𝑖) Query Count (QC) is
the number of queries in each window. (𝑖𝑖) Runtime Total
(RT) is the sum of the query runtime of all the queries in
the window, which is a rough approximation of the CPU re-
sources needed by these queries. As we don’t have access to
the CPU cycles consumed by queries in our datasets, we use
the sum of query runtime here as an approximation. (𝑖𝑖𝑖)Max
Memory (MM) is the maximum concurrent memory needed
by the queries in a window. (𝑖𝑣) Bytes Scanned (BS) is the
total number of bytes scanned by the queries in a window.
As a default setting, we bucket metrics into fixed hourly

windows for time series generation. Particular use cases

may use smaller window sizes to generate higher frequency
time series, which we will present in a later study. Some
of the signals are available in one dataset but not the other.
We generated as many signals as each dataset allows. In
particular, for the provisioned dataset, we generated QC,
RT, and BS time series, while for the serverless dataset, we
generated QC, RT, and MM time series.
Quantitative Measures. In this study, we analyze both
datasets using the following measures:

Spikiness. The most salient property of our datasets is
spikiness: the value of a time series (e.g., the number of
queries) can change from a low value in a time unit (e.g.,
an hourly query count equals 0) to a very high value in
the next unit (e.g., caused by the arrival of a large batch of
queries in the next hour). To capture this trend, we adopt the
spikiness measure from a recent paper [33] but modify the
normalization term to better suit our study.
Formally, let 𝑋 = {𝑋1, 𝑋2, . . . , 𝑋𝑡 , . . . , 𝑋𝑛} be a univariate

time series of size 𝑛. The spikiness is defined to be the root
mean squared difference between two consecutive points,
further normalized by the mean 𝜇 of the time series.

𝑆𝑝𝑘 (𝑋 ) = 1
𝜇

√√√
1

𝑛 − 1

𝑛−1∑︁
𝑡=1

(𝑋𝑡+1 − 𝑋𝑡 )2 (1)

Seasonalities. In the time series literature, seasonality is
defined using autocorrelation with different lags [15]. More
specifically, seasonality of period length 𝑙 is defined using
autocorrelation with lag 𝑙 , with 𝜇 and 𝜎2 referring to the
mean and variance of the time series, respectively.

𝐶 (𝑋, 𝑙) = 1
(𝑛 − 1)𝜎2

𝑛−𝑙∑︁
𝑡=1

(𝑋𝑡 − 𝜇) (𝑋𝑡+𝑙 − 𝜇) (2)

To capture seasonality at different granularities, we compute
the autocorrelation with lag 𝑙 = 24 (a seasonal period of 24
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hours, i.e., a daily pattern), 𝑙 = 168 (a seasonal period of 168
hours, i.e., a weekly pattern), 𝑙 = 336 (a bi-weekly pattern),
and 𝑙 = 672 (a 4-week pattern, as an approximation of the
monthly pattern).
EXPT3_1: Spikiness Analysis. Tables 2 and 3 summarize
the spikiness and autocorrelation scores of the provisioned
and serverless datasets, respectively. Regarding spikiness,
our main observations are as follows:
Most notably, serverless clusters have higher spikiness

scores for all of its three time series than those of the provi-
sioned clusters. For the serverless dataset, the mean spikiness
across all client clusters is in the range of 3.60 - 3.96 for the
three time series, and the 90th percentile (p90 value) of the
spikiness is in the range of 5.76 to 7.20. In comparison, for
the provisioned dataset, the mean spikiness ranges from
1.70 - 2.55 and the p90 value ranges from 3.78 to 5.38. Fig-
ure 1 shows example time series, plotted at hourly and daily
frequencies, for the provisioned dataset (Figure 1(a)-1(b))
and the serverless dataset (Figure 1(c)-1(d))1. These time se-
ries were chosen from the top-10 clusters in each respective
dataset in terms of spikiness in the test data (where the last
two weeks are reserved as the test data, as marked by the red
dashed line in the plots). However, individual provisioned
clusters can also exhibit spiky patterns, as illustrated in Fig-
ure 1(e)-1(f) — this is why even for provisioned clusters,
Redshift offers a feature called concurrency scaling that aims
to absorb these spiky bursts of queries.
Furthermore, we observe that certain time series exhibit

extremely spiky patterns in about 10% of clusters, as ev-
idenced by the significant increase in the spikiness score
from the 90th to the 100th percentile: these time series in-
clude provisioned RT series, serverless QC series, serverless
RT series, and serverless MM series.
These characteristics present a significant challenge for

forecasting algorithms in capturing spikes. The problem is
further compounded by the fact that some spikes are recur-
ring but with time shifts (as shown by the peaks during the
second and third weeks from the end of the timeline in Fig-
ure 1(d)), while others are ad-hoc, representing unexpected
changes (as depicted by a standalone peak in the fifth week
in Figure 1(d)).
EXPT3_2: Seasonality Analysis. We further observe di-
verse seasonalities in our datasets. As Tables 2 and 3 show,
for our hourly time series, autocorrelation of lag 24 and that
of lag 168 tend to have significant values from p90 to p100,
indicating the strong presence of daily and weekly patterns
in about 10% of clusters.

1All the time series plots in this paper have the y-axis normalized by the
maximum value of a specific cluster. The x-axis contains the time delta from
the start of the test set (in days).

However, each individual cluster can have very different
autocorrelation scores for different lags. Figures 1(a)-1(f)
show examples of different seasonalities. For provisioned
cluster P1, lag 24 has the highest score, indicating a daily
pattern. In contrast, serverless cluster S2 has the highest
correlation score for the weekly pattern, although the pat-
terns in the last three weeks do not agree on the count of
the spikes or the exact timing of their occurrences within
the week. Furthermore, provisioned cluster P3, as shown in
Figure 1(e)-1(f), has the highest correlation scores for the
bi-weekly pattern𝐶 (336) and the 4-week pattern𝐶 (672). As
we can see from the daily time series plot in Figure 1(f), there
is a high peak every four weeks and a medium-sized peak
halfway between two high peaks, while for most weeks, the
load is higher on the first few days of a week and lower on
the weekend, but with exceptions.
Finally, the autocorrelation scores (p50, p60, etc.) in the

serverless clusters tend to be lower than those in the pro-
visioned clusters. This indicates less regular workloads in
serverless clusters, which is expected as clients with less reg-
ular workloads tend to opt for serverless offerings as such
workloads benefit from the pay-per-use billing model.
Summary. We now summarize our observations as follows:

(1) Spikiness is the prominent feature of query workload
datasets, especially pronounced in the serverless dataset.

(2) Diverse seasonalities are prevalent in our datasets while
the exact set of relevant patterns (daily, weekly, bi-
weekly, or monthly) vary significantly from cluster to
cluster.

(3) Serverless workloads exhibit more spiky patterns yet
are less regular than provisioned workloads, hence
expected to be harder to predict.

All of these observations call for effective forecasting algo-
rithms to capture the diverse, complex patterns in cloud
query workloads.

3.2 Predictability of Production Workloads
In this study, we analyze the above two datasets for the
“predictability” of their query workloads. Recall that pre-
dictability in our study is defined based on the accuracy of
forecasting a resource metric time series: roughly speaking,
if the accuracy is within a factor of 2 of the ground truth, we
claim that the resource metric of this cluster is predictable.
Below, we will introduce our experimental setup and the
specific error metric in use.
Experimental Setup. We assess the predictability of query
workloads in the setting of 7-day forecast, e.g., to forecast
the hourly time series for the upcoming 7 days.

Baseline Algorithm. Our evaluation in this section uses
baseline algorithms as informed by the data analysis above.
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(a) Provisioned cluster P1: hourly query count (QC) series (b) Provisioned cluster P1: daily query count (QC) series

(c) Serverless cluster S2: hourly max memory (MM) series (d) Serverless cluster S2: daily max memory (MM) series

(e) Provisioned cluster P3: hourly query count (QC) series (f) Provisioned cluster P3: daily query count (QC) series

Figure 1: Examples of time series showing varied degrees of spikiness and seasonalities. The x-axis is the timeline,
a grey vertical line marks the beginning of a new week, and the red vertical line marks the beginning of test data.

(𝑖) Seasonal Naive Daily: In this method, we forecast the
hourly time series of the next day using the corresponding
values of its previous day. (𝑖𝑖) Seasonal Naive Weekly: In this
method, we forecast the time series of the next day using
the corresponding hours 7 days ago. Benchmarking analysis
(which we will detail in the next section) shows that seasonal
naive weekly gives better results because it is a better fit
for 7 day forecast. In comparison, seasonal naive daily will
replicate the observations on the last day in the training set
to each of the 7 days in the forecasting horizon, which is not
an effective method for long-term forecasting. Furthermore,
if the daily pattern is indeed very strong (e.g., repeating every
day), the seasonal naive weekly method can also give good
results like the seasonal naive daily method. On the other
hand, if it is the weekly pattern, but not the daily pattern, that
dominates in the time series, seasonal naive daily will give
poor results (e.g., the workload on Tuesday does not look at
all like that on Monday), while seasonal naive weekly gives
much better results. For these reasons, we use seasonal naive
weekly as the default baseline in the following experiments.

Train-test Splits. For each client cluster with 𝑁 weeks of
data, we reserved the last two weeks for testing. In particular,
we performed 2 rolling train/test splits: The first train-test

split includes the first 𝑁 − 2 weeks for training and the
following week for testing. Then the second train-test split
includes the first 𝑁 − 1 weeks for training and the following
week for testing. This represents the scenario of training a
forecasting model at the end of each week and using it to
forecast the query workload in the next 7 days. In our study,
each train-test split is called a test case.
Error Metric. In this study, we use the Q-error metric [25]

to capture the forecasting performance. It represents the
ratio error between the true value and the forecast value,
defined as follows:

𝑄-𝑒𝑟𝑟𝑜𝑟 =𝑚𝑎𝑥

(𝑚𝑎𝑥 (𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑, 1)
𝑚𝑎𝑥 (𝑡𝑟𝑢𝑒, 1) ,

𝑚𝑎𝑥 (𝑡𝑟𝑢𝑒, 1)
𝑚𝑎𝑥 (𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑, 1)

)
(3)

Q-error is a symmetric metric where the best value is 1 and
the worst value is infinity2.

2For confidentiality reasons, we choose a relative error metric to report
forecasting accuracy, instead of an absolute metric. Among relative met-
rics, Q-error has benefits over MAPE (mean absolute percentage error)
and sMAPE (symmetric MAPE) because (a) it is symmetric regarding over-
prediction versus underprediction, while MAPE favors underprediction to
overprediction; (b) when the target value is close to zero, MAPE and sMAPE
become extremely large, while Q-error is more mitigated.
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Table 4: Q-error of the baseline for the provisioned and
serverless workloads, where evaluation uses ALL hourly win-
dows a day.

Provisioned Serverless
Query Runtime Bytes Query Runtime Max
Count Total Scanned Count Total Memory

p10 1.00 1.02 1.00 1.00 1.00 1.00
p20 1.04 1.10 1.06 1.00 1.00 1.00
p30 1.07 1.20 1.10 1.01 1.12 1.02
p40 1.14 1.28 1.17 1.08 1.25 1.12
p50 1.21 1.40 1.36 1.19 1.43 1.23
p60 1.28 1.55 1.58 1.41 1.76 1.50
p70 1.51 1.71 1.85 1.85 2.54 2.58
p80 1.78 2.20 2.50 2.98 3.91 12.91
p90 2.69 3.39 7.94 8.17 10.87 105.84

For each test case, we have 7 test days and 24 hourly win-
dows each day. (𝑖) Daily aggregation: We apply a window
selection strategy, all windows (ALL) or top-3 high-load win-
dows (HL) to select a set of windows per day, and report on
the median error of the selected windows as the error metric
of the day. (𝑖𝑖) Weekly aggregation: We then take the average
of the daily error metrics across the 7 days in the test week
to obtain a single error value for this test case.

If the error value of a test case is within a factor of 2, we say
that this test set is “predictable”. Finally, we also report the
percentiles of the error metric across all the test cases of all
the clusters in the provisioned/serverless dataset.

Servers: All of our experiments were run on m5.24xlarge
EC2 instances, each with 96 vCPUs, 384 GB memory, and
708 GB disk space. Each server runs Amazon Linux 2 and
includes time series analysis libraries (including AutoGluon
version 1.1.1) running on Python 3.11.

Our analysis focuses on the following two questions:
EXPT3_3: Are the real-world workloads predictable using the
baseline method? In this experiment, we set the window selec-
tion strategy to ALL windows (i.e., considering all the hourly
windows of a day and reporting on the window of the me-
dian error, followed by the aggregation across 7 days in this
test case and then aggregation across different test cases in
the fleet.) Table 4 shows the baseline Q-error measurements
for the 6 time series across the two datasets.
Our main observations are as follows: 1) The Q-error is

kept within 1.43 for 50% of the clusters (p50 value) across all
6 time series of resource signals. 2) The Q-error increases in
the p60-p90 range, while the increase is more pronounced
in the serverless setting. As stated above, this is due to the
fact that the serverless workloads are less regular and hence
harder to predict. 3) When considering our definition of
predictability being the ratio error within a factor of 2 of
the ground truth, 60% to 80% of the clusters appear to be
predictable (depending on the time series of choice).
EXPT3_4: How does the performance of the baseline change
for high-load windows? In the next experiment, we change

Table 5: Q-error of the baseline for the provisioned and
serverless workloads, where evaluation uses top-3 high load
windows a day.

Provisioned Serverless
Query Runtime Bytes Query Runtime Max
Count Total Scanned Count Total Memory

p10 1.03 1.09 1.05 1.07 1.30 1.09
p20 1.06 1.19 1.08 1.16 1.51 1.27
p30 1.11 1.28 1.14 1.40 2.05 1.52
p40 1.20 1.46 1.27 1.86 3.01 2.39
p50 1.33 1.74 1.49 3.04 5.62 8.71
p60 1.59 2.05 1.94 5.55 12.89 65.56
p70 1.87 3.03 2.61 11.81 38.17 235.33
p80 3.04 5.50 6.57 44.45 97.67 890.32
p90 12.09 31.01 295.23 291.28 432.66 6.42k

window selection strategy to consider only the top-3 high-
load windows and report on the median error of the selected
windows as the error metric of the day –wemake this change
because forecasting use cases such as dynamic compute re-
quire accurate prediction of the peak loads of a day. Once the
daily error metric is computed, we then follow the same pro-
cedure to take the average of the daily error metrics across
the 7 days in this test case and aggregate error values across
different test cases.

Table 5 shows the Q-error results for high-load windows.
We observe a number of differences from Table 4. 1) The Q-
errors increase significantly in the serverless dataset, across
all the percentiles after p30 and all three time series. 2) For
the provisioned dataset, the Q-errors remain relatively low
in the p10-p60 range, but also increase significantly in the
p80-90 range. Our profiling results show that such increases
are related to the fact that when we select all the hourly
windows, the median error is more likely to be reported
for a window that contains a light query load. However,
when we restrict our evaluation to high-load windows only,
the forecasting problem focuses on peaks. This difference is
especially pronounced in the serverless setting where the
workload oscillates between a light load and a high peak.
Such peaks are spiky in nature (not a gradual smooth pattern)
and often do not follow a precise weekly pattern; instead,
they may appear each week with a significant time shift,
follow a bi-weekly pattern, or represent an ad-hoc burst of
query load. For all of these reasons, seasonal naive weekly
has difficulty forecasting peaks accurately.

3.3 Summary of Fleet Analysis Results
Revisiting our use cases, we outline the main results and
implications of the fleet analysis as follows:

• For the use case of de-allocating compute resources,
the forecast focuses on windows of no queries or few
queries. A baseline algorithm may be relatively accu-
rate for forecasting the windows of a light query load.
Table 4 shows that the seasonal naive weekly method
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can forecast light query loads within a factor of 2 for
about 60%-80% of the test cases (depending on the time
series of choice).

• For use cases of dynamic compute, forecasting needs to
focus on high-load windows (e.g., in terms of the num-
ber of queries or concurrent memory). The patterns of
these windows are intrinsically spiky, less regular in
terms of the timing, and sometimes even ad-hoc. As
can be seen from Table 5, the baseline method can fore-
cast heavy query loads within a factor of 2 for about
50%-70% of the test cases in the (more regular) provi-
sioned dataset, and 20%-40% of the test cases in the
serverless dataset. For the other test cases, the errors
can grow to large values. These results indicate that
forecasting peak loads is a more challenging problem
and requires more sophisticated algorithms.

• Serverless workloads are harder to forecast than pro-
visioned workloads due to higher degrees of spikiness
and volatility (irregularity), which also call for more
advanced forecasting algorithms.

4 MODEL PERFORMANCE ANALYSIS
As we have seen before, the baseline algorithm is not suffi-
cient for forecasting complex workloads. The salient exam-
ples are those high-load windows that exhibit spiky patterns
(in contrast to a smooth growing pattern) and do not appear
every week at the same time (e.g., appearing at a different
time each week, appearing only every few weeks, or being
an ad-hoc pattern). However, these windows represent the
critical workload for resource scaling and are therefore of
paramount importance. To address this issue, in this section
we analyze state-of-the-art machine learning (ML)models for
forecasting high-load windows in production workloads.

4.1 Considerations on Forecasting Models
Before delving into details of the advanced forecasting mod-
els, we first outline a number of considerations on ML-based
forecasting for production clusters.

Efficiency ofModel Training. Large-scalemachine learn-
ing models recently gained popularity in various application
domains. However, training efficiency remains our top prior-
ity for several reasons. First, following the approach of Red-
shift AutoWLM [30], we favor on-cluster training as it sim-
plifies the implementation architecture as well as security-
related considerations. In doing so, we expect model training
to be highly efficient (in both CPU and memory usage) in
order to avoid interference with the client query workload.
Alternatively, models may be trained offline and such offline
training requires allocating additional resources just for this
purpose. Therefore, training efficiency is also important in
this case in order to minimize additional resources allocated

for training. Furthermore, we want to avoid relying on GPUs
as they are expensive and not traditionally available in a data
warehouse deployment.

Availability of Data.While many machine learning mod-
els require substantial amounts of training data, our forecast-
ing models need to operate effectively with modest amounts
of data, e.g., a couple of months of workload metadata as
permitted by the data retention policy. Therefore, we seek
forecasting models that can achieve optimal performance
with this data availability.

Modeling Strategies. Given the above constraints, we
consider a number of variable modeling strategies:

• Instance optimized model: We train a forecasting model
for each client cluster separately. It has the potential to
best fit the specific client workload, but also carries the
risk of overfitting if the training dataset is not large
enough. The training needs to be highly efficient as
mentioned above.

• Global model: We train a global model across a suf-
ficiently large set of client workloads in the offline
mode. It has the potential to observe a broad set of
patterns. Yet, we need to investigate if it offers optimal
performance for individual client workloads.

• Foundation model: Another interesting option is a foun-
dation model that has been pre-trained on large corpus
of time series, promising to work out-of-the-box for
predictive problems in new domains. For our resource
forecasting problem, this means that no training is
required for any client workloads. We can simply run
the foundation model in the inference mode to forecast
for a specific length, and such inference is usually effi-
cient. We will explore whether the latest foundation
models for time series forecasting can provide accurate
forecasts for our problem.

“One size does not fit all.” The fleet analysis in the pre-
vious section already pointed to the fact that the spikiness
and seasonality patterns vary from cluster to cluster. It is
unrealistic to assume that one model works well for all un-
less a foundation models lives up to its promise. In general,
we would expect different models to suit different data char-
acteristics (a.k.a., the inductive bias of a model). Therefore,
figuring out how to select the most effective model, or a set
of them, for each client workload is a critical issue.
For the above reasons, we have chosen to implement the

modeling strategies (instance optimized, global, or founda-
tion models) using AutoGluon [32]. It is an open-source
AutoML package that provides a unified interface to fore-
casting models from libraries such as StatsForecast [12] or
GluonTS [2]. It offers a variety of benefits for our analysis:
1) It provides a model zoo that ranges from statistical to
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machine learning to latest transformer models for time se-
ries forecasting. 2) It performs automated model selection
to form a weighted ensemble model, which has been shown
to consistently improve forecast accuracy [32]. In our case,
automated model selection and ensembling are essential for
finding model combinations that accurately capture the pat-
terns unique to each specific cluster. 3) The AutoGluonmodel
zoo also includes Chronos [3], a latest foundation model for
time series forecasting.

4.2 Individual Forecasting Models
Given the aforementioned challenges in forecasting high-
load windows in production workloads, our analysis in this
section begins by comparing the performance of popular
statistical and ML forecasting algorithms to the baseline
model. Given the large set of forecasting algorithms available,
including the recent wave of deep learning methods and
transformers for time series data, our objective is to identify
the strengths and limitations of these methods for the new
task of query workload forecasting.

Models. We classify the models in the AutoGluon time
series library into two categories and choose a few popular
models or latest models in each category to compare to the
baseline model.

Local models. The first class of forecasting algorithms are
the so-called local models, where a separate model copy is fit
for each individual time series. These include AutoARIMA
[6], AutoETS [16], and Theta [4]. Furthermore, we consider
two variants of the LightGBM forecaster, with and without
seasonal differencing, as they are known to provide compet-
itive performance in AutoGluon’s internal analysis.
Global deep models. The second class of forecasting algo-

rithms are global models. In contrast to local models, a single
global model is trained on all time series simultaneously. We
consider a number of popular global deep learning models.
DeepAR [29] is an autoregressive forecasting model based on
the LSTM architecture. We also choose two models based on
the transformer architecture, PatchTST (transformer-based
forecaster that segments each time series into patches) [27]
and TFT (temporal fusion transformer that combines LSTM
with a transformer layer) [18].

Setup. In this initial profiling study, we restrict our atten-
tion to a single metric (query count) measured across two
test weeks for 10 serverless clusters that were selected using
stratified sampling based on the total number of queries, re-
sulting in 20 test cases in total. For each model, we record
the following metrics:

• End-to-end runtime — sum of training and prediction
time over all test cases;

• Win rate vs. the baseline — fraction of test cases where
the model achieves a lower Q-error than the baseline;

• Mean relative Q-error [11] — geometric mean of the
relative score in Q-error (model_Q-error / baseline_Q-
error) across𝑚 test cases, defined as follows:

𝑀𝑅𝑄 =

(
𝑚∏
𝑖=1

𝑄-𝑒𝑟𝑟𝑜𝑟 (𝑖 )model

𝑄-𝑒𝑟𝑟𝑜𝑟 (𝑖 )baseline

) 1
𝑚

(4)

Values less than 1 indicate that the model achieves
lower error, while values above 1 mean that the model
gives higher error than the baseline. Hence, the lower
the value, the better the model.

In data preprocessing, we considered log transformation to
turn our time series, which are generally spiky, into smoother
signals. This transformation, however, makes most the mod-
els, including the best-performing models, deteriorate in ac-
curacy, indicating too much information loss in this process.
(The only exception is the foundation model to be detailed
in a later study, which benefits from log transformation.)
Therefore, we report accuracy results in the following ex-
periments using the data transformation techniques most
suitable for the selected models.

Hyperparameter tuning. The three deep models selected
in our study have gone through extensive hyperparameter
tuning. For each train-test split (test case), we tune each
deep model using the validation set, which is the last two
weeks of the training set, up to 100 distinct hyperparame-
ter configurations. The model configuration that gives the
best performance on the validation set is selected to run
inference on the test set, for which we report the Q-error
against the ground truth. Then we take the geometric mean
over the Q-errors of all test cases. More specifically, we have
tuned the following hyperparameters of different deep meth-
ods: (1) DeepAR: learning rate, num_layers, hidden_size,
batch_size, dropout_rate, and max_epochs. (2) PatchTST:
learning rate, num_encoder_layers, d_model, batch _size,
max_epochs, and scaling. (2) TFT: learning rate, hidden_dim,
batch_size, dropout_rate, and max_epochs.
EXPT4_1: Can individual forecasting models provide a con-
sistent improvement in terms of accuracy over the baseline?

Table 6 compares the performance of each candidatemodel
to the baseline model over 20 test cases.

Among local models, the mean relative Q-errors (MRQ) of
the following four models are less than 1 (indicating them
to be better than the baseline): AutoARIMA, AutoETS, Light-
GBM, LightGBM (weekly diff), with the last model achieving
the lowest MRQ of 0.451. In contrast, SeasonalNaive (daily)
and Theta lose to the baseline by the factor 2.682 and 2.797,
respectively. In particular, the poor performance of Seasonal-
Naive (daily) is due to the fact that when the time series has
a strong daily pattern, SeasonalNaive (weekly) often works
similarly well, whereas when the time series has a strong
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Table 6: EXPT4_1 Comparison of candidate forecasting models, both local model and global deep models, with the baseline
using the QC time series of 10 serverless clusters.

Model Local / global Total runtime (s) Mean relative Q-error Win rate vs. baseline
SeasonalNaive (weekly) local 44.8 1.000 -
SeasonalNaive (daily) local 44.8 2.682 35%
AutoETS local 610.8 0.941 55%
AutoARIMA local 1104.1 0.915 50%
Theta local 471.6 2.797 30%
LightGBM local 36.0 0.940 40%
LightGBM (weekly diff.) local 35.6 0.451 55%
TFT global 8101.4 2.767 30%
DeepAR global 78364.8 5.726 5%
PatchTST global 6714.5 3.531 30%

weekly pattern, SeasonalNaive (daily) makes huge mistakes.
For this reason, we discard SeasonalNaive (daily) and Theta
due to their loss of accuracy.
Among the remaining models, we further examine their

runtimes: traditional statistical models including AutoETS
and AutoARIMA incur 14 times and 25 times the runtime
of the baseline, respectively, while achieving only marginal
improvement in accuracy, as shown by their mean relative
Q-error, 0.941 and 0.915, respectively. The slow performance
can be explained by the fact that the implementations of
statistical models are not optimized for long seasonal peri-
ods (168 in our study) and cannot take advantage of many
CPU cores. Therefore, these methods do not represent good
cost-performance tradeoffs. Given our preference for high-
efficient training algorithms, we further discard AutoARIMA
and AutoETS in model selection. Overall, we observe Light-
GBM forecasters to be close to the baseline in the runtime
while providing improvement in accuracy over the baseline.
Therefore, we keep both LightGBM forecasters in our model
selection to enable ensemble methods.
Further considering the global models, we observe that

local models provide overall better runtime and forecast ac-
curacy than the global models. At this point, we cannot con-
clude if this is caused by limited training data or fundamental
limitations of the considered global models. Therefore, we
will investigate global models in more detail in the following
experiments. Among the global models, we observe TFT to
provide the best accuracy in Q-error. Regarding the effect
of hyperparameter tuning, TFT with hyperparameter tun-
ing did not outperform its default configuration, which had
been tuned internally by the AutoGluon developers. How-
ever, hyperparameter tuning improved the performance of
DeepAR and PatchTST, in particular, by using large neural
networks (more layers, more nodes in each hidden layer, or
the combination of both). Despite the larger network sizes,
DeepAR and PatchTST still lose to TFT in terms of accuracy.
For this reason, we will keep TFT as the most competitive

global model (using its default configuration) and study it
further in the next set of experiments.
Finally, we observe that none of the models provide a con-

sistent improvement over the baseline, as shown by the metric
“win rate vs. the baseline". The candidate ML models work
well for some clusters, while losing to the seasonal naive
forecaster for the other clusters. Motivated by this observa-
tion, we move our attention to ensemble approaches that
combine several forecasting models in an effective manner.

4.3 Instance Optimized and Global
Ensembles

As we presented in Section 3, client clusters often exhibit
diverse behaviors (e.g., varying seasonal periods or spikiness).
Therefore, it is natural to expect that no single model can
accurately forecast the workloads of different clusters, due
to the inductive biases of individual models. Our results of
the previous study validated this empirically as none of the
individual models consistently outperformed the baseline.

Ensembling approaches provide one way to deal with this
problem, by automatically combining several forecasting
models with learned weights to indicate their contribution
in the forecast [34]. AutoGluon provides an AutoML frame-
work for constructing such ensemble models. However, the
predetermined model ensembles in AutoGluon also failed
on our datasets, i.e., are unable to outperform the baseline
model for the majority of the clusters. Therefore, we are
the first, to the best of our knowledge, to devise custom en-
semble models for query workload forecasting following a
systematic approach: (1) we screen through the large library
of existing models and identify those that represent good
time-accuracy tradeoffs, as presented in the previous study;
(2) we construct ensemble models in both instance optimized
and global settings, with the most suitable configuration of
the training loss, known covariates (hour of the day, day of
the week, day of the month), validation length and frequency.
We detail these ensemble models below.
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Table 7: Comparing Q-error of the AutoGluon local ensemble (LE) and global ensembles (GE1, GE2) against the baseline (B). LE
and GE1 use statistical and ML models, whereas GE2 extends GE1 with Temporal Fusion Transformer (TFT).

Provisioned Serverless
Query Count (QC) Runtime Total (RT) Bytes Scanned (BS) Query Count (QC) Runtime Total (RT) Max Memory (MM)
B LE GE1 GE2 B LE GE1 GE2 B LE GE1 GE2 B LE GE1 GE2 B LE GE1 GE2 B LE GE1 GE2

p10 1.03 1.04 1.04 1.05 1.09 1.09 1.11 1.12 1.05 1.05 1.07 1.11 1.07 1.09 1.12 1.35 1.30 1.27 1.34 1.45 1.09 1.12 1.18 1.61
p20 1.06 1.07 1.07 1.11 1.19 1.17 1.18 1.21 1.08 1.08 1.11 1.22 1.16 1.20 1.32 1.65 1.51 1.57 1.57 1.91 1.27 1.31 1.39 2.00
p30 1.11 1.12 1.12 1.16 1.28 1.27 1.27 1.31 1.14 1.14 1.16 1.50 1.40 1.44 1.57 2.09 2.05 1.98 2.01 2.47 1.52 1.61 1.69 2.45
p40 1.20 1.21 1.19 1.26 1.46 1.43 1.39 1.44 1.27 1.29 1.26 1.69 1.86 1.87 2.14 2.98 3.01 2.75 2.51 3.46 2.39 2.09 2.59 3.32
p50 1.33 1.35 1.34 1.41 1.74 1.68 1.64 1.67 1.49 1.46 1.46 2.00 3.04 2.74 3.06 4.05 5.62 4.28 3.74 4.61 8.71 3.50 4.69 5.56
p60 1.59 1.58 1.55 1.53 2.05 1.86 1.84 1.94 1.94 1.83 1.76 2.18 5.55 4.09 4.11 5.59 12.89 5.97 5.41 7.06 65.56 7.61 9.12 10.52
p70 1.87 1.85 1.77 1.87 3.03 2.49 2.42 2.52 2.61 2.18 2.10 2.77 11.81 5.89 6.10 9.05 38.17 9.50 7.33 11.47 235.33 26.09 16.42 21.05
p80 3.04 2.67 2.57 2.64 5.50 3.32 3.18 3.57 6.57 3.36 2.63 3.88 44.45 11.02 11.23 18.09 97.67 16.39 11.10 17.79 890.32 109.56 37.71 44.76
p90 12.09 6.73 5.41 4.68 31.01 10.22 5.14 5.41 295.23 11.06 6.00 7.12 291.28 33.87 25.90 39.79 432.66 55.34 23.47 37.90 6.42k 785.38 101.34 158.03

(a) Provisioned cluster P3: daily query count (QC) series. (b) Provisioned cluster P4: daily query count (QC) series

(c) Serverless cluster S5: daily query count (QC) series (d) Serverless cluster S6: daily total runtime (RT) series

Figure 2: Example time series where the local ensemble model produces a more accurate forecast than the baseline.

Ensemble Models.We start by combining the 3most promis-
ing algorithms from the previous experiment — Seasonal-
Naive (weekly) and two versions of LightGBM — in a local
ensemble (LE). For this we use the standard weighted en-
semble implementation available in AutoGluon [32]. This
strategy, known as forward stepwise selection [7], defines the
final forecast as a convex combination of individual model
predictions. We fit a separate ensemble model for each time
series. The ensemble weights are chosen by minimizing the
mean absolute error on the validation set consisting of last
two weeks of the training data.
We also consider two versions of a global ensemble

model. Global ensemble 1 (GE1) uses the same three models
as the local ensemble (LE), but shares the model weights
across all clusters. The ensemble weights are learned to min-
imize the average mean absolute error on the validation set
for all clusters. Another variation, global ensemble 2 (GE2)
adds the Temporal Fusion Transformer (TFT) to the list of
available models as it was the best performing global model
in our preliminary analysis (Table 6).

EXPT4_2: Can ensembles accurately forecast a larger fraction
of workloads than the baseline model?

To answer this question, we compare the marginal distri-
bution of the Q-error scores achieved by all models across
all cluster types and workload metrics. Table 7 reports the
p10–p90 deciles of these Q-error distributions.
First, we observe that ensemble models achieve Q-error

scores comparable to the baseline in the p10-p50 range, with
notable improvements occurring in the p60-p90 range. The
improvements are especially prominent on serverless work-
loads that are hard to predict using the baseline model. Fig-
ure 2 demonstrates some cases where theMLmodel produces
a more accurate forecast than the baseline. In Figure 2(a),
the ML model captures biweekly seasonality while the base-
line models fails to do that. In particular, for the first test
week, the baseline (seasonal naive weekly) copies the peak
from the previous week which does not exist this week,
whereas for the second test week, it misses the peak that
actually exists by failing to observe the pattern from two
weeks ago. In Figures 2(b)-2(c), we see that the ML model is
able to quickly recover from atypical load patterns. Finally,
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Table 8: Comparing the mean relative Q-error (MRQ) of our local ensemble (LE) and global ensembles (GE1, GE2) over the
baseline, for different spikiness buckets of workloads. Lower values indicate more accurate forecasts compared to the baseline.

Provisioned Serverless
Query Count (QC) Runtime Total (RT) Bytes Scanned (BS) Query Count (QC) Runtime Total (RT) Max Memory (MM)
LE GE1 GE2 LE GE1 GE2 LE GE1 GE2 LE GE1 GE2 LE GE1 GE2 LE GE1 GE2

Low Spikiness 0.89 0.86 0.88 0.74 0.70 0.72 0.67 0.57 0.66 0.54 0.53 0.73 0.45 0.35 0.52 0.33 0.23 0.32
Medium Spikiness 0.85 0.75 0.82 0.66 0.35 0.43 0.57 0.21 0.31 0.70 0.50 0.78 0.46 0.33 0.44 0.30 0.17 0.23
High Spikiness 0.93 0.85 0.90 0.87 0.68 0.61 0.34 0.22 0.28 1.04 1.30 1.20 0.70 0.61 0.65 0.65 0.43 0.56

Geometric mean 0.88 0.83 0.86 0.74 0.61 0.64 0.61 0.44 0.54 0.62 0.58 0.78 0.48 0.37 0.51 0.35 0.23 0.31

Figure 3: Serverless query count time series where the
local ensemble model overfits, while global ensemble
produces a reasonable forecast.

Figure 2(d) shows that the ML model provides a better fit
than the baseline when a trend is present. We also note that
given our data length of about 12 weeks, with the last two
weeks reserved for testing, the ML models are overall not ex-
posed to sufficient data for learning more complex monthly
patterns, for which longer data history will be helpful.
Second, while local ensembles achieve more consistent

improvements over a larger fraction of workloads, global
ensembles (GE1) can prevent very large errors around p80-
p90. The large errors for local ensemble at the tail of the
distribution are caused by overfitting, i.e., when the ensemble
selects models that perform poorly on the test set. Global
ensemble, in contrast, shares the model weights across all
clusters, which makes it more resilient to overfitting. An
example of such time series is shown in Figure 3, where the
local ensemble overfits the training data, which is the blue
curve before the red line (the boundary of train-test split)
but with the last two weeks of training data reserved for
validation only.

Third, by comparing the scores of the two variants of
global ensembles, GE1 and GE2 (with TFT added), we con-
clude that adding the Temporal Fusion Transformer (TFT)
model to the ensemble (GE2) degrades the prediction ac-
curacy. This result aligns with our preliminary conclusion
that global deep learning models are not yet well-suited for
workload forecasting. One possible explanation for the poor
performance of TFT is the numerical instabilities caused by
spiky time series (e.g., when computing the standard devi-
ation in the LayerNorm layer), which poses a significant
technical challenge to TFT.

In the above experiment we looked at the marginal dis-
tribution of errors for different models. This told us about
the fraction of workloads that are predictable by each model.
We now ask a different question:
EXPT4_3: How do ensemble models compare head-to-head
with the baseline for different workload types?

We partition the time series for each resource metric into 3-
bucket equi-depth histogram based on their spikiness (Equa-
tion 1). For each bucket of spikiness, we report the mean
relative Q-error (MRQ) of each model, as defined in Equa-
tion 4. The results for all workloads and models are shown
in Table 8. For 4 out of 6 time series, the MRQ for high spiki-
ness time series is significantly higher compared to low and
medium spikiness series. This is especially true for the time
series in the serverless workload. This means that spiky time
series are harder to forecast, and it is not easy to outperform
the baseline in the high spikiness bucket.

We also confirm some of the previous findings. All ensem-
ble models provide significant improvements over the baseline
for all time series and spikiness levels (except high spikiness
QC series). Also, we again notice that GE2 is less accurate
than GE1, indicating that addition of the Temporal Fusion
Transformer model did not improve the accuracy. Hence, we
choose GE1 as our best global ensemble, in addition to the
local ensemble model (LE).
The last row of Table 8 shows the overall results of LE

and GE1 across the fleet: these ensemble models reduce 38-
77% errors on average (in terms of the geometric mean of Q-
errors) for the serverless workloads and 12-56% errors for the
provisioned workloads, which represent substantial reduction
of errors across the fleet.

4.4 Foundation model
EXPT4_4: Are pre-trained time series models more accurate
than the baseline for workload forecasting?
We next evaluate a recent time series foundation model,

Chronos [3], in the context of query workload forecasting.
Chronos is a transformer model pre-trained on a large corpus
of real and synthetic time series data. The main advantage of
Chronos is its ability to generate zero-shot forecasts on new
unseen time series without requiring task-specific training.
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(a) Q-error dist. of query count (QC) series (b) Q-error dist. of runtime total (RT) series (c) Q-error dist. of max memory (MM) series

Figure 4: Q-error distribution of the baseline, local ensemble (LE), and global ensemble (GE1) for the serverless
workload.

(a) Relative score dist. of the QC series (b) Relative score dist. of the RT series (c) Relative score dist. of the MM series

Figure 5: Relative Q-error (𝑄-𝑒𝑟𝑟𝑜𝑟model/𝑄-𝑒𝑟𝑟𝑜𝑟baseline, lower is better) of local and global ensembles for the server-
less workload.

We use the Chronos mini variant of the model, including
20 million parameters, as it is the largest size that provides
reasonable inference speed without a GPU.

We follow the same protocol as in EXPT4_2 and compare
the marginal distribution of Q-errors of Chronos to the base-
line model in Table 9. We observe that the Chronos model
is unable to improve over the baseline for any of the time
series. The relatively poor performance of Chronos is likely
caused by a combination of two factors. First, the Chronos to-
kenization scheme is known to lose resolution on spiky data
[3, Section 5.7]. Second, the pre-training corpus of Chronos
primarily contains bounded and well-behaved time series
from domains like weather and electricity. These two limita-
tions need to be addressed to make the model better suited
for query workload forecasting.

4.5 Validating Ensemble Models with Other
Use Cases

Finally, we validate our ensemble models on other use cases
to demonstrate the generality of the proposed approach.
EXPT4_5: Ensemble models for fine-grained forecasts. Re-
call from the use cases in Table 1 that intelligent resource
scaling requires both long-term and short-term forecasts.
In this experiment, we investigate the performance of our
ensemble models for short-term forecasting, as informed

Table 9: Q-error of Chronos, a foundation model for time
series forecasting, with log transformation

Provisioned Serverless
Query Runtime Bytes Query Runtime Max
Count Total Scanned Count Total Memory

p10 1.04 1.10 1.05 1.12 1.26 1.12
p20 1.07 1.22 1.08 1.34 1.66 1.45
p30 1.17 1.37 1.19 1.89 2.39 2.09
p40 1.28 1.59 1.34 3.38 4.66 4.51
p50 1.47 1.93 1.65 7.60 12.89 33.72
p60 1.79 2.21 2.32 21.55 32.62 253.40
p70 2.19 2.90 3.16 58.14 98.79 1.07K
p80 4.20 5.28 5.76 224.17 228.04 3.55K
p90 15.98 38.27 360.57 493.36 760.78 11.27K

by the dynamic compute use case (i.e., allocating resources
dynamically for query bursts). To this end, we trained local
ensemble models for 10-minute forecasts using a one-month
dataset of the top 200 serverless clusters in the total number
of queries. In particular, we kept the first 3 weeks as training
data and created 7 rolling train-test splits: each train-test
split includes the current training set and uses the next day
as the test set; then the next train-test split adds the current
test day into the training set and uses the following day as
the test set, and so on. This simulates the retraining of the
forecasting model at the end of each day, in order to adapt
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Table 10: Q-error of the local ensemble (LE) model against
the baseline (B) for fine-grained (10-minute) forecasts of
serverless workloads

Query Count (QC) Runtime Total (RT) Max Memory (MM)
B LE B LE B LE

p10 1.03 1.04 1.05 1.06 1.01 1.03
p20 1.07 1.10 1.13 1.16 1.04 1.10
p30 1.13 1.16 1.25 1.29 1.10 1.20
p40 1.23 1.23 1.47 1.55 1.23 1.35
p50 1.35 1.33 2.02 1.97 1.44 1.58
p60 1.54 1.53 3.33 2.83 1.92 2.21
p70 1.89 1.88 5.89 4.27 4.47 3.63
p80 3.69 3.47 13.13 7.20 27.27 8.05
p90 15.00 9.29 52.86 16.93 227.53 35.56

more quickly to the latest trend. Other model parameters
remain the same as before.
Table 10 reports on Q-errors of the baseline (B) and our

local ensemble (LE) model for fine-grained (10-minute) fore-
casts of these serverless workloads. The results confirm our
previous observations: the local (instance optimized) ensemble
model achieves Q-error scores comparable to the baseline in
the p10-p50 range, and notable improvements in the p60-p90
range, indicating its ability to reduce errors in a substantial
fraction of the clusters.
EXPT4_6: Initial evidence of end-to-end benefits.We are in
the process of developing a simulation of Redshift Serverless
with intelligent AI scaling [26], which can incorporate the
results and models proposed in this paper for an initial eval-
uation of their efficacy in a real world setting. The simulator
takes the forecasts of resource signals, including the number
of queries, runtime total, and maximum concurrent queries,
and uses relevant heuristics to decide on the number of ad-
ditionally required concurrency scaling clusters to prepare
before the actual queries arrive. While the full-scale simula-
tion of complex production behaviors and the best heuristics
will be a focus of our future work, we report some initial re-
sults in this study. More specifically, we selected the top two
clusters with the largest improvement in absolute error that
our local ensemble offers over the baseline, and used simple
heuristics to acquire additional compute resources based on
the runtime total (RT) signal. Our simulation result shows
that by providing a more accurate forecast of the peak loads,
the local ensemble model enables the auto-scaling module
to significantly optimize the internal allocation of resources,
reducing resource costs by up to 40% for the selected workloads,
while maintaining user performance metrics such as p99 and
p100 query runtime (within noise levels).

4.6 Summary of Model Analysis Results
We now summarize the main results of our model analysis
for forecasting high-load windows as follows:

• None of the individual machine learning models pro-
vide a consistent improvement over the straightfor-
ward baseline (seasonal naive weekly).

• Local (instance optimized) ensemble models achieve
Q-error scores comparable to the baseline in the p10-
p50 range of Q-error, and notable improvements in
the p60-p90 range, which are especially prominent on
serverless workloads. Global ensembles can prevent
very large errors in the p80-p90 range of Q-error, and
otherwise are comparable to or slightly worse than
the local ensembles. Figure 4 summarizes the Q-error
distribution of the local ensemble and the best global
ensemble against the baseline for serverless time series.
For the QC series, for instance, ensemblemodels bound
the Q-error of 60% (80%) of all the test cases to 4.09-4.11
(11.02-11.23), as opposed to the baseline’s Q-error of
5.55 (44.45). In general, the benefits of the ensemble
models over the baseline are significant in the tail 40-
50% of the test cases fleet-wide.

• Regarding the win rate, our local and best global en-
semble models provide remarkable improvements over
the baseline. As Figure 5 shows for the serverless work-
loads, ensemble models provide similar performance
to the baseline for 26-30% of the test cases and wins
over the baseline for 48-56% of the test cases.

• In terms of error reduction, across the fleet the ensem-
ble models reduce 38-77% errors on average for the
serverless workloads and 12-56% errors for the
provisioned workloads (see the last row of Table 8).

• Early results from simulation experiments indicate
that improvements from using the ensemble model
approach can manifest promising real world benefits.

• Transformers as a global model and Chronos as a foun-
dation model for time series forecasting are not yet
effective for query workload forecasting. This is due
to their limitations related to the requirement of sub-
stantially more training data or the lack of techniques
to handle spiky data.

5 EXTENDED DISCUSSIONS
We now summarize the main findings of our fleet data anal-
ysis and model analysis, and highlight promising directions
for future work based on these results.
No single forecasting model can provide consistent im-

provements over the baseline model because of diversity of
the workload patterns. While low-load scenarios are served
reasonably well by the baseline model, high-load windows
benefit from ML-based ensemble models. These ensemble
models are especially beneficial for serverless workloads
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that exhibit higher degrees of spikiness and volatility (irreg-
ularity) and hence are harder to forecast compared to the
provisioned ones.
Model Selection and Ensembling are crucial compo-

nents of the forecasting pipeline. Our model analysis results
have demonstrated the superior performance of local and
global ensembles that maintain the performance in the p10-
p50 range of Q-error as the baseline, while mitigating the
large errors in the p60-p90 range where the naive baseline
suffers from the loss of accuracy.
Still, there remain important practical challenges associ-

ated with these techniques. How should training and vali-
dation data be balanced? Note here that automated model
selection requires reserving the last few weeks of training
data as validation data to compare models. However, we ob-
served several cases in our study that a new trend occurred
in last week (e.g., the client workload changed from a light
load to a heavy load), but by reserving the last week as val-
idation data, our ensemble model missed the opportunity
to learn this trend as it was not included in the training
data. Instead, should models be re-trained on the validation
data after model selection is complete? It will double the
training time, which may be beneficial to some clusters but
wasteful for many others. Existing forecasting frameworks
make these choices based on heuristics, and a more thorough
theoretical or empirical investigation will be valuable to the
domain of workload forecasting.
Poor Accuracy of Deep Learning Models. Existing

deep learning models for time series forecasting are often
designed for and evaluated on well-behaved, bounded time
series from domains like electricity, traffic, or weather [9].
Query workload forecasting, which is crucial to many cloud
analytics services, represents a new domain where workload
metrics exhibit spiky and noisy time series, as demonstrated
in this study. Such new types of time series can pose problems
for deep learning architectures — for example, by causing
numerical instabilities in input normalizaiton layers [17].
Since datasets used for pre-training and evaluation in deep
learning literature often do not contain workload metrics
data, these gaps remain unaddressed by the forecasting re-
searchers. The database community could help bridge this
gap by open-sourcing more relevant datasets and drawing at-
tention to the unique challenges inherent to this new setting
of workload metrics forecasting.

AdvancedModel Development. For intelligent resource
scaling, some use cases focus on light query loads, which
can be well served by a baseline method, while others fo-
cus on high-load, spiky windows. For the latter category of
use cases, combinations of statistical and ML models can
provide reasonable forecast accuracy, within a factor of 2
in Q-error in the p60-p70 range of the (more regular) pro-
visioned workloads, and within a factor of 3 in the p40-p50

range of serverless workloads, while mitigating large errors
that naive baselines experience. Yet, making accurate fore-
casts (e.g., within the tight bound of factor 2-3) for high-load,
spiky windows for the majority of the production clusters
likely requires further innovation on model development.
Probabilistic Multivariate Forecasts. Our analysis so

far has considered the use cases where it is sufficient to
generate point forecasts of the resource metrics. However,
there remain important use cases, such as determining the
reserved capacity (Table 1), that would benefit from entire
multivariate future usage trajectories. Existing probabilistic
forecasting methods are not suitable for such tasks since they
are typically limited to univariate data and only estimate the
marginal (not joint) distribution of the future time series
values [5]. More work is needed both on new approaches for
multivariate probabilistic forecasting, as well as on address-
ing some fundamental challenges with evaluation of these
models [22].

6 CONCLUSIONS
AI-powered intelligent resource scaling relies on the ability
to forecast query workloads and their resource consump-
tion accurately. Although the forecasting problem has been
extensively studied across various domains, there is a lack
of thorough analysis of existing forecasting algorithms for
large-scale, real-world cloud query workloads. This paper
fills this gap by providing an in-depth analysis of forecast-
ing algorithms for real-world cloud workloads, covering the
fundamental data characteristics that distinguish resource
forecasting from existing forecasting problems and identify-
ing the strengths and limitations of existing algorithms in
this new domain. Our main findings point to the fact that
while no single forecasting model can provide consistent
improvements over the baseline model because of diversity
of the workload patterns, machine learning-based ensem-
ble models can provide remarkable reduction of forecasting
errors for complex workloads that exhibit higher degrees
of spikiness and volatility (irregularity). We further high-
light a number of research directions that will help address
the technical challenges that remain in this domain. We an-
ticipate that our findings will provide valuable insights in
informing the design of an efficient and effective solution
for production use in the future, as well as in steering the
forecasting community toward more effective algorithms of
high real-world impact.
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