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ABSTRACT

Query scheduling is a critical task that directly impacts query perfor-
mance in database management systems (DBMS). Deeply integrated
schedulers, which require changes to DBMS internals, are usually
customized for a specific engine and can take months to implement.
In contrast, non-intrusive schedulers make coarse-grained deci-
sions, such as controlling query admission and re-ordering query
execution, without requiring modifications to DBMS internals. They
require much less engineering effort and can be applied across a
wide range of DBMS engines, offering immediate benefits to end
users. However, most existing non-intrusive scheduling systems
rely on simplified cost models and heuristics that cannot accurately
model query interactions under concurrency and different system
states, possibly leading to suboptimal scheduling decisions.

This work introduces IconqSched, a new, principled non-intrusive
scheduler that optimizes the execution order and timing of queries
to enhance total end-to-end runtime as experienced by the user
— query queuing time plus system runtime. Unlike previous ap-
proaches, IcongSched features a novel predictor, Icong, which treats
the DBMS as a black box and accurately estimates the system run-
time of concurrently executed queries under different system states.
Using these predictions, IcongSched is able to capture system run-
time variations across different query mixes and system loads. It
then employs a greedy scheduling algorithm to effectively deter-
mine which queries to submit and when to submit them. We com-
pare IcongSched to other schedulers in terms of end-to-end runtime
using realistic workload traces. On Postgres, IconqSched reduces
end-to-end runtime by up to 16.5% on average and 33.6% in the tail.
Similarly, on Redshift, it reduces end-to-end runtime by up to 14.4%
on average and 22.9% in the tail.
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1 INTRODUCTION

Query scheduling is a fundamental problem in database manage-
ment systems (DBMSs) that directly impacts query performance. A
scheduler needs to decide when to execute a query (or operators
of a query) and how much of each resource (e.g., CPU, memory)
to allocate. Query scheduling is challenging because making an
optimal decision requires accurately predicting the cost/runtime
of executing different operators with access to varying amounts
of resources and under different system loads and concurrency
levels [59]. Even with accurate predictions, scheduling itself is an
NP-complete decision problem [66].

This work focuses on scheduling OLAP queries because they
involve accessing large amounts of data and resources. Thus, opti-
mally scheduling each OLAP query individually can lead to more
performance gain than OLTP query. Several past efforts have built
deeply integrated DBMS schedulers [10, 22, 23, 34, 41, 44, 54, 59, 60]
for OLAP queries, which require modifications to the DBMS inter-
nals, such as changing the way the system allocates resources at the
query operator level. This requirement limits applicability, because
the schedulers are tailored to a specific DBMS, making generaliza-
tion to other engines non-trivial. In addition, it can take months for
engineers to implement and verify the performance of such sched-
ulers before they can be used by available to end users. To address
these shortcomings, non-intrusive schedulers [3, 9, 15, 27, 55, 79]
make coarse-grained decisions, such as controlling query admission
and reordering query execution, and as such, do not require modi-
fications to DBMS internals. They require much less engineering
effort and can potentially have an immediate impact on the end
users of almost any DBMS engine [49, 80]. However, most of the
existing solutions (e.g., first-in-first-out, shortest-query-first [60],
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fair scheduling [21, 25]) are based on simplified cost/runtime mod-
els and heuristics that can easily lead to inaccurate predictions and
suboptimal scheduling decisions.

In this work, we propose IcongqSched, an improved non-intrusive
scheduler made possible by Icongq, a new fine-grained predictor
that is able to accurately predict the system runtime of concurrent
queries (i.e. the time they take from submission to the DBMS until
completion). As a result, IconqSched can accurately understand
query performance under different concurrent query loads and
levels of resource availability. Relying on this model, IconqSched
can schedule the submission time of each query on the host DBMS
to maximally improve overall end-to-end runtime over the workload,
including both system runtime and query queuing time.

Building IcongSched poses a major technical challenge: how to
accurately predict the system runtimes of concurrently exe-
cuting queries? Building an accurate concurrent query system run-
time predictor requires understanding complex query interactions
and accounting for different system states (e.g., resource utiliza-
tion and cache state), which significantly affect query performance.
Most existing approaches use heuristics and simplifying assump-
tions that can lead to substantial estimation errors [1, 3, 4, 18, 19, 71].
A recent learned method [82] uses a graph neural network (GNN) to
model data sharing and memory contention among queries. How-
ever, it does not model the system state changes nor the impact of
the query submission time, often producing inaccurate estimations.
Furthermore, it assumes perfect knowledge of future queries to
model the query interaction, which is impractical.

To address this challenge, we develop a novel system runtime pre-
dictor, Icong (Interaction of concurrent queries), which accurately
models complex query interactions and system state changes. Icong
first encodes a stream or batch of queries as interaction feature vec-
tors, which can capture various complex query interactions. Then, it
uses a bi-directional LSTM model to ingest these interaction feature
vectors and predict the system runtime of concurrently executed
queries. The LSTM model’s internal states implicitly encode the
concurrent state (e.g., what queries are executing, what execution
stage they are at) and the system state (e.g., resource utilization, data
in cache). Crucially, the bi-directional LSTM architecture enables
Icong to separately understand the impact of queries submitted be-
fore and after a target query using the forward and backward passes.
The forward pass understands the impact of previous queries, al-
lowing IcongSched to predict the system runtime of an incoming
query Qp+1, given the queries Q, ..., Qp already running in the
DBMS. In addition, for each running query Q;, IcongSched needs to
understand its system runtime change after submitting Q1. This
can be estimated with the backward pass sending information from
QOn+1 back to each Q;.

Our Approach. We develop IcongSched as a lightweight proxy
layer that can be implemented outside a DBMS instance to help
schedule users’ queries effectively. In principle, IcongSched can be
applied to any relational DBMS.

Even given Icong’s accurate predictions, IconqSched still needs
to make a non-trivial decision about which queries to execute
and when. On one hand, we cannot use existing query sched-
ulers [3, 25, 49, 60] as the of-the-shelf solutions because they do not
consider fine-grained runtime prediction on concurrent queries. On
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Figure 1: Illustration of IconqSched during an execution of
the BRAD workload, described in Section 5.1.

the other hand, a brute-force approach will enumerate the entire
search space of possible decisions, including an exponential number
of combinations of candidate queries to submit concurrently and
infinitely many candidate timestamps to submit them at. Thus,
we develop an efficient greedy scheduling algorithm tailored to
Iconq to approximate optimal scheduling decisions. At a high level,
we develop a new scoring function based on Icong’s predictions to
judge the overall end-to-end runtime impact of submitting each
candidate query. The scheduling algorithm submits the best query
according to the scoring function. Inmediately after, it re-evaluates
the benefits of the remaining queued queries and iterates the above
process to decide on the next best query, and so on. The iteration
stops when no queued queries are more beneficial to submit at the
current decision timestamp, compared to staying in the queue.

In Figure 1, we illustrate IcongSched on a simple example with
three queries. We summarize each query’s resource requirements
at the top of the figure, which are not directly observed but can be
implicitly captured by Icong. Left alone, the underlying DBMS (Post-
greSQL [24]) will execute each query upon arrival, leading to high
resource contention: executing Qo and Q; together results in high
memory and I/O utilization and poor performance for both queries.
IcongSched instead determines that delaying the submission of Q1
until Qg is finished would be beneficial, as it would minimize re-
source contention. It is worth noting that existing non-intrusive
schedulers cannot accurately compute the system runtime impact
of deferring a query in order to make this decision. In the meantime,
IcongSched decides to execute Q as soon as it arrives because the
system state created by the execution of Qy is beneficial: resource
usage is optimized because Q2 and Qg need different resource types,
while data sharing is maximized because the two queries access
overlapping table sets. As a result, IconqSched achieves a 42% re-
duction in the total end-to-end runtime.

Summary of Results. We evaluate the performance of IcongSched
as a scheduler for two widely-used DBMSes, PostgreSQL [24] and
AWS Redshift [63]. Our target metric is end-to-end runtime—query
queueing time plus system runtime. With a few hours of training on
query execution history, we can generate improved, non-intrusive
scheduling decisions. On PostgreSQL, which has a simpler native
scheduler and executor, IcongSched has significant room to improve
scheduling decisions: 16.2% — 16.5% in the mean and 23.8% — 33.6%
in the tail (p-90) on realistic workload traces. On Redshift, which
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Figure 2: System overview of IconqSched.

has a more sophisticated native scheduler (arguably state-of-the-
art among commercial DBMS) [50, 60, 73], it is very hard for a
non-intrusive scheduler to improve performance further. However,
IcongSched still improves performance by 10.3% — 14.4% in the mean
and 14.9% — 22.9% in the tail.

In addition, we evaluated the performance of our Iconq predictor
under various settings. Iconq achieved more accurate predictions
than the baselines on real workload traces by 1.4 X —2.4x in the
mean and 2.4 X —4.9% in the tail. We also show that Icongq is robust
against changing workloads with varying numbers of concurrently
executed queries and complex query templates.

Contributions. In summary, we make the following contributions:

o We propose IcongSched, a novel non-intrusive query scheduler
that can improve DBMS performance (Section 2).

o We design Icong that can accurately predict the system runtime
of concurrently executed queries (Section 3). Icong can also inde-
pendently benefit a wide range of other downstream DBMS tasks
that require accurate system runtime estimation, such as query
optimization [58] and maintaining SLOs [11, 47].

e We develop a greedy algorithm that uses Icong’s predictions
to make effective scheduling decisions (Section 4).

e We conduct comprehensive experiments to evaluate the per-
formance of both IcongSched and Icong (Section 5).

2 SYSTEM OVERVIEW

In this work, we tackle the problem of non-intrusively ingesting
and scheduling an online stream of OLAP queries {(Qo, o), - .-
(Om, tm)}, where t; represents the arrival time of Q;. We want to
determine the optimal time to submit each query to the DBMS
in order to minimize total end-to-end runtime as experienced by
users, where end-to-end runtime is query queuing time plus system
runtime, summed over all Q;. Since most DBMSes do not preempt
queries, this work focuses on non-preemptive scheduling. Our ap-
proach can also be naturally generalized to batch scheduling sce-
narios where all queries are ingested at the same time, or modified
to minimize the median or tail query runtime.

Architecture. To address the non-intrusive scheduling problem
effectively, IconqSched is deployed as a lightweight scheduling layer
that sits outside the DBMS instance. This proxy layer design is
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commonly used for many systems [37, 56, 57, 62, 78] and can be
generally applied to most DBMS [8]. Users can submit queries to this
layer for better scheduling decisions, but we do not require every
query to be submitted through IcongSched. Instead, we only require
information about all currently running queries to be available
to IconqSched. Many DBMS offer an interface to obtain a list of
running queries, which can be used to populate this information.
IcongSched consists of two components, as shown in Figure 2: an
online scheduling algorithm and a concurrent query system
runtime predictor, called Icong. Iconq is trained offline on the
user’s executed workload trace. In the online ingestion phase, the
scheduling algorithm invokes Iconq to make effective decisions.
This offline-online two-phase design allows IcongSched to offload
a heavy amount of computation to the trained system runtime
predictor for efficient online decision-making. In the following, we
will explain the two components of IcongSched at a high level.

Online scheduling algorithm: As shown in Figure 2, when in-
gesting queries online, IcongSched first puts every arriving query
in a queue and then uses Iconq to decide which queued queries
to execute and when. Specifically, given n queries running in the
system RQ = {RQ1,...,RQp} and m queries waiting in the queue
WQ ={WQi,...,WQy,} at timestamp ¢, IconqSched needs to decide
which queries (if any) to submit to the system. Making the optimal
decision is non-trivial because choosing queries to submit is an
NP-complete problem [66], and deciding when to submit a query
involves considering infinite possible submission timestamps.
Therefore, we design a greedy scheduling algorithm to approxi-
mate the optimal solution efficiently. First, instead of considering
infinite timestamps, our algorithm will only decide whether to sub-
mit a waiting query whenever a new query arrives or a running
query finishes. Besides being efficient, this approach is also highly
effective, because query arrival and completion highly impact the
system and concurrent state, so we need to re-evaluate the benefits
of submitting a waiting query or keeping it in the queue. At each
decision timestamp, IconqSched uses a scoring function to evaluate
these benefits accurately. This scoring function uses Icong to predict
i) the system runtime for each WQ; € WQ given RQ and ii) the total
system runtime change across RQ if WQ; is submitted for execution.
Accordingly, IconqSched identifies a set of candidate queries that
are more beneficial to submit at the current decision timestamp,
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instead of later. If this set is not empty, it submits the “best” query
with the lowest score. Then, it iterates this process to decide the
next “best” query until the candidate set is empty. This procedure
avoids the exponential search space of candidate query sets. We
describe the details of this algorithm in Section 4.

Concurrent system runtime predictor: To make accurate sys-
tem runtime predictions for concurrent queries, Icong first needs
to observe a representative workload trace. In the offline train-
ing phase, we first analyze this trace to derive the concurrently
executed queries for each query. For example, for Q in Figure 2,
Q1 = {Qo, 01, 02, O3} are its concurrently executed queries and ¢;
and r; are its starting time and system runtime (label). Next, Iconq
featurizes each query in Q; into a query feature vector and derives
interaction feature vectors accordingly. Next, Iconq constructs a bi-
directional LSTM [29] to iteratively ingest these interaction feature
vectors in the forward and backward directions. The LSTM model’s
hidden state vector implicitly encodes the DBMS instance’s system
and concurrent state. After ingesting all four interaction feature
vectors, the final hidden state will be used to predict the system
runtime of Q;. We will discuss the details in Section 3.

After training on the past workload execution history, Iconq can
accurately estimate the system runtime of an arbitrary query given
any concurrent state. Unlike prior work [1, 3, 4, 18, 19, 71, 82],
our design allows Iconq to capture complex query interactions
and understand the changes in resource usage and data-sharing
properties of the DBMS instance. Therefore, Icong can generalize to
more complex query templates and a larger number of concurrent
queries, which are not present in the training dataset (details in
Section 5.4). Moreover, as explained in Section 1, the bi-directional
LSTM design allows Iconq to separately understand not only the
impact of the already running queries RQ on the system runtime of
WQ; but also the impact of submitting WQ; on the system runtime
of each RQ, which no existing approach can accurately capture.

Icong treats the underlying DBMS engine as a black box, which
generally applies to any DBMS engine with fixed on-premised
hardware. For serverless and multi-tenant instances, a user’s allo-
cated resources may vary significantly depending on other users’
resource usage, which is not observable by our model and cannot
be accurately predicted. Exploring the system runtime changes for
different hardware types and serverless resources is an active field
of research [7, 17, 43, 52] and is beyond the scope of this paper.

3 ICONQ RUNTIME PREDICTOR

In this section, we explain the design of Iconq. The goal of Icong
is to predict the system runtime of a target query Q, given a set
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of concurrently executing queries RQ = {RQ1, ..., RQp}. At a high
level, Icong first featurizes Q and each RQ; as interaction feature
vectors and orders them according to their start timestamps. Then,
it uses an LSTM model to process the interaction feature vectors
one at a time. It understands the concurrent state and system state
changes as the LSTM model’s hidden state updates. Finally, the
LSTM model is used to predict Q’s system runtime. We explain
the details of our query featurization in Section 3.1 and predictive
model design in Section 3.2. In Section 3.3, we explain the training
and inference pipeline to make Icong function inside IconqSched.

3.1 Query featurization

We are given a target query Q; and a set of concurrently executing
queries @, which includes all the queries whose execution over-
lapped at least partially with Q;. We featurize each query in Q; into
a query feature vector and then derive interaction feature vectors to
use as inputs to the LSTM model.

Representing a query: Prior work has developed several featur-
ization methods to represent a single query [28, 37, 48, 64, 78]. In
this work, we adapt the approach used by Stage [73] because of
its proven effectiveness and efficiency inside a commercial DBMS.
Specifically, we first identify n, physical operators that can sig-
nificantly impact a query’s system runtime (e.g., scan, merge join,
hash). We then initialize 2 plan features for each of these operators
in query feature vector: a count of how many times the opera-
tor appears in the query plan and the sum of estimated rows (i.e.,
cardinality) processed by this operator, as shown in Figure 3.

One downside with the plan features derived from Stage’s method
is that they do not contain information about the tables accessed
by a query, which is important for understanding memory/buffer
pool state and data sharing among concurrently executed queries.
Therefore, we also add n; table features to query feature vector, one
for each of the n; largest tables in the database. If a query touches
one of these tables, we put an estimate of its cardinality for that
table in the corresponding feature, as shown in Figure 3. Finally,
we also add a runtime feature with the average system runtime
of this query without considering concurrent query information,
estimated by the Stage model, as described in [73]. As shown in
Figure 3, the resulting query feature vector consists of the runtime
feature, the 2+ ny, plan features and the n; table features. The hyper-
parameters n, and n; are tunable for each workload and database.
In our evaluation, we set n, = 15 and n; = 20.

Representing a stream of queries: Given a target query Qj,
for which we wish to estimate the system runtime, let the list
Q;j ={01,...,Qj,...,On} be the queries whose execution overlaps
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with that of Q;, ordered by their submission times t1,...,t,. As
shown in Figure 4, for each query Q; € Q; (including the target
query Q;), we derive an interaction feature vector with three parts:
i) the query feature vector of Q;, derived from the above approach,
ii) the query feature vector of Q;, and iii) three timestamp features.
The three timestamp features are: i) the absolute difference |t; — ¢;|
between the submission times of Q; and Qj, ii) an indicator for
whether ¢; < t}, and iii) an indicator for whether ¢; < t;.

Concatenating the features of Q; and Q; helps the model under-
stand their interactions, while the model can use the timestamp
features to determine the extent of query execution overlap and
infer the execution stage each query is in. We denote the interaction
feature vector for Q; as x; for each query in Q; € Q; and derive a
time series of interaction feature vectors {x1,...,xn}.

3.2 Modeling concurrent query execution

Recall that the goal of Icong is to accurately predict the system
runtime of a target query Q; when it is concurrently executed with
queries Q; = {Q1, ..., On}, by understanding the impact of concur-
rency and system state changes (e.g., resource utilization). Icong
first uses the above approach to derive a time series of interaction
feature vectors {xi, ..., xp}. Then, Iconq ingests these vectors into
a bi-directional LSTM model, which updates its internal hidden
state to model the DBMS instance’s system state changes.

Long Short-Term Memory (LSTM) [29] models are a type of
recurrent neural network (RNN) that are specifically designed to
process and remember sequences of data and have been shown to
achieve state-of-the-art performance in various fields [32, 40, 65].
We design Icong based on a special type of LSTM, a bi-directional
LSTM model [61], which processes the time series of inputs in two
directions, forward and backward, and uses two hidden states to
understand the dependencies from past and future inputs.

We describe how Iconq predicts the system runtime of a tar-
get query Q; given interaction feature vectors of its concurrently
executed queries in Figure 5. Iconq takes as input the time series
{x1,...,xn} and the index j of the target query. It then traverses
the time series in both the forward and backward directions. In
the forward pass, Icongq initializes the forward hidden state Hy as
a zero matrix and ingests the time series in the forward direction.
Upon ingesting each x;, Iconq updates its previous forward hidden
state H;—1 and produces H;. After ingesting x;, the forward hid-
den state Hj is saved, which captures the impact of the preceding
queries Q1,...,Qj—1 on Qj. In the backward pass, the backward
hidden state H’_ . is similarly initialized, and then the interaction

n+1
feature vectors {xj, ..., X, } are ingested one at a time in reverse order,

with the ingestion of x; producing backward hidden state Hj. After
ingesting x;, the backward hidden state H J’ is saved. This hidden
state captures the impact of the subsequent queries Qj+1,...,Qn
on Q;. When both the forward and the backward passes are com-
plete, Iconq updates its final hidden state as a concatenation of the
forward hidden state H; and the backward hidden state H j’ It then
passes the final hidden state through a multi-layer perception (MLP)
to predict the system runtime of Q;.

Analysis and discussion: The design of Icongq as a bidirectional
LSTM is uniquely suited for the task of system runtime prediction
in three core ways. Whereas, the state-of-the-art deep learning
architectures, e.g. transformers [69], lack these properties.

First, LSTMs explicitly update a hidden state. This is impor-
tant because concurrent queries do not impact each other’s system
runtimes directly; they do so by impacting the state of the DBMS
(e.g., the memory/CPU usage or buffer pool state), which in turn
can have a positive or negative effect on the system runtime of
concurrent queries. Our choice of an LSTM model, where each x; is
submitted one at a time and updates the hidden state to H; before
processing x;.1, naturally parallels this reality. This hidden state
implicitly captures the state of the DBMS that it is able to learn
from the training data; for example, if the training data includes
concurrent queries with large joins that run very slowly, the hid-
den state can learn to reflect this interaction and model its effect
on other concurrent queries. Because our featurization captures
the high-level properties of the queries (e.g., cardinalities and plan
structure) rather than data-specific features (e.g., column names),
this learning is generalizable to unseen feature patterns, such as
unseen query templates (see Section 5.4). In contrast, transformer
architectures rely on pairwise attention between queries, making
it difficult to maintain a compact representation of the evolving
DBMS state. Moreover, transformer architectures are good at cap-
turing long-range dependencies, but the time series of interaction
feature vectors are much shorter in length (e.g., less than 10).

Second, LSTMs selectively forget information over time.
This is desirable because parts of the DBMS state are affected by
each query for different durations - evaluating a complex predicate
will create a temporary demand for CPU cycles, but bringing a
table into the buffer pool will have a longer-lasting impact. During
its training, the LSTM learns which features to “remember” in its
hidden state and for how long. Concretely, Iconq can learn that the
features corresponding to some finished operators have little ef-
fect on other concurrent queries and discard them from its hidden
states. This selective forgetfulness means that the hidden state re-
mains informative even as the time series {x1, ..., X} grows longer,
allowing Iconq to generalize to scenarios with a large number of
concurrent queries (see Section 5.4). This observation is similar
to the situation where an LSTM trained on short sentences can
generalize to a longer corpus of text [29, 33].

Third, a bidirectional LSTM understands the impact of the
past and the future separately. In a DBMS, not only is the system
runtime of a newly-submitted query Q affected by the current
state of the DMBS, created by already-running queries RQ (the
“past”); Q also itself affects the state of the DBMS once submitted,
possibly impacting the system runtime of each query in RQ (from
the perspective of which, such impact comes from the “future”).



For IconqSched to make good scheduling decisions, each of these
effects must be explicitly modeled (see Section 3.3). In contrast,
transformer architectures cannot explicitly separate these impacts.

3.3 Offline training and Online Inference

In the following, we describe how we train Iconq in the offline phase
and how we use it to make inferences in the online phase.
Offline training: In this work, we assume that users provide us
with a few days of query execution history inside the target DBMS.
This is reasonable because we hypothesize that the users will deploy
IcongSched on an existing workload on a particular DBMS instance.
In the case of a new instance, IcongSched needs to collect data for a
few days before making effective scheduling decisions. We plan to
address this “cold-start” problem in future work.

The user-provided training trace needs to contain a list of queries
along with their query plans, submission time, and system runtime.
First, we train a Stage model from these queries to predict the av-
erage system runtime per query, without considering the impact
of concurrent execution [73], as mentioned in Section 3.1. Then,
for each query Q;, we identify the list Q; of overlapping queries
and compute the interaction feature vectors. Each Q; and its as-
sociated time series of interaction feature vectors are forwarded
to the bi-directional LSTM model to predict its system runtime,
per Section 3.2. The LSTM model is trained end-to-end using L1
loss and Q-loss [35]. We do assume that the underlying hardware
the DBMS runs on does not change frequently — Iconq needs to be
re-trained if the user switches to a new hardware type. Thus, the
current version of Iconq is not eligible for serverless settings where
virtualization hardware may have a high-performance variability.

Online inference: Iconq can be used for a wide range of down-
stream DBMS tasks that require accurate system runtime estimation,
such as optimization [58] and maintaining SLA/SLOs [11, 47]. In
IconqSched, it is used to support our online scheduler in deciding
which queries from the waiting queue WQ = {WQy,...,WQp,}
to submit for execution and when to submit them (see Section 4).
Specifically, IconqSched needs to know 1) the runtime of WQ; if it
is submitted at timestamp t, given the currently running queries
RQ = {RQ1,...,RQp}; and ii) how the runtime of each running
query RQ; € RQ will change if WQ; is submitted.

To answer the first question, we consider WQ); as the target query
and the running queries RQ as its concurrently executed queries. We
derive a time series of interaction feature vectors as per Section 3.1
and input them into Iconq. IcongSched only needs to perform the
forward pass on this time series since no query has been submitted
after the target WQ;. Note that the estimated system runtime of
WQ; does not account for any future queries that may be submitted
while WQ; is running. If IcongSched decides to submit such queries,
their impact on WQ; will be considered at that time, at which WQ;
will be one of the “running queries”. This design enables IconqSched
to make robust decisions given imperfect information, i.e., without
knowing what queries will arrive. For implementation efficiency,
we only need to featurize each query once when ingesting it and
cache its featurization for later use.

To answer the second question, for each query RQ; € RQ, we
re-predict its system runtime to account for the impact of query
WQ;. Specifically, for each RQj, let {xo, ...x,} be its time series
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of interaction feature vectors. Iconq appends another element to
this series: the interaction feature vector x,+1 for the interaction of
WQ; with the target RQ;. Then, Iconq will input {xo, . .. xn+1} into
the LSTM model to predict the system runtime of RQ;. WQ; only
affects the backward pass of each RQ;’s system runtime prediction
because it is submitted after RQ;. It is worth noticing that the
existing runtime predictors cannot accurately predict this question
because they do not have the bi-directional mechanism.

4 SCHEDULING ALGORITHM

In this section we describe how we use Iconq to make scheduling
decisions when ingesting an online stream of OLAP queries. Specif-
ically, given n queries running on the system RQ = {RQ1, ..., RQpn}
and m queries waiting in the queue WQ = {WQ;, ..., WQp,}, Icon-
qSched needs to decide which queries (if any) in WQ to submit
for execution to minimize the total query end-to-end runtime (eZe-
time), i.e., the sum of queuing time plus system runtime for all
queries in RQ and WQ.

Briefly, IcongSched invokes the scheduler whenever a query ar-
rives, is submitted, or finishes. At each invocation, IcongSched uses
Icong to select a set of candidate queries from WQ, each of which
the model determines would benefit from being submitted now.
IcongSched then scores each candidate query using a scoring func-
tion and submits the one with the highest score. In the following,
we will provide details on when to invoke the scheduler, how to
select candidate queries, how to score them, and how to optimize
the submission of short-running queries. Due to space limitations,
we provide the pseudocode of the overall IcongSched scheduling
algorithm in our technical report [74].

Invoking the scheduler: At each invocation, IcongSched decides
the best waiting query to submit right now, if any. This leaves the
problem of when exactly each invocation of IconqSched should oc-
cur. A naive approach would invoke the scheduler at equally spaced
times (e.g., every tg.peq = 5 seconds). However, this approach has
drawbacks. First, it may lead to long queuing times for queries with
a system runtime much smaller than t.5.4. Second, this approach
would be computationally wasteful during periods of no significant
system state changes To avoid these drawbacks, we instead invoke
IcongSched based on events rather than periodically. In particular,
we invoke IconqSched i) each time a new query arrives in the queue
and ii) each time a running query finishes.

Selecting candidate queries: At each invocation, for each queued
query WQ; € WQ, IconqSched computes the benefit of submitting
WQ; for execution now, against submitting it at one of L future
timestamps, where L (for “lookahead”) is a hyperparameter. As de-
scribed above, IcongSched can only submit a query whenever a
query arrives or finishes in the future. Recall that IcongSched does
not assume any knowledge about future query arrivals, the predic-
tion of which is an orthogonal field of research [30, 42]. Therefore,
we only compute the benefit of submitting WQ; for execution now,
against submitting it at one of L future invocations of IconqSched
because of completed query execution.

We use Icong to predict when each running query in RQ will
finish, sort the finish times in increasing order, and take the L soon-
est ones, t1,. .., tr, where t; corresponds to the I-th soonest time
at which a running query is expected to finish. Thus, IconqSched
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needs to compare the benefit of submitting WQ; now (at t) or in
the future at any ¢;. This benefit has two components: i) 81 (#;),
measuring the end-to-end runtime difference of WQ; submitted at
t v.s. t7, and ii) 82(;), measuring the end-to-end runtime difference
of each query in RQ will be if WQ; is submitted at ¢ instead of at ¢;.

d1(#;) = Teonq(WQ;, RQ, t) — (Ieonq(WQ;, RQ", 1) + t; = 1) (1)
52(ty) = ), Teonq(RQ;, {WQ;} URQ. 1) -
J

Iconq(RQ;, {WQi} URQ', 1) (2)

As shown in Equation 1, 81 (#;) is the difference in the predicted
end-to-end runtime of WQ; if submitted at ¢ concurrently with RQ
(i.e. system runtime Iconq(WQ;, RQ, t) plus no queuing time), or at
t; concurrently with RQ’ (i.e., system runtime Iconq(WQ;, RQ, t;),
plus extra queuing time #;—t), where RQ” excludes the queries in RQ
that will have finished by ¢;. Similarly, §2(#;) is the sum over all RQ
of the differences in their end-to-end runtimes if WQ; is submitted
at t or at t;. Therefore, 81(t;) + d2(#;) > 0 for some #; suggests
that submitting WQ; at t; is more beneficial than submitting now,
so we should keep WQ; in the waiting queue. Otherwise, 81 (t;) +
d2(t7) < 0 for all ¢; justifies submitting WQ; now. In this case, we
will consider WQ; as a candidate query for submission. IconqSched
will iterate the above process for all waiting queries in WQ and
derive a selected set of candidate queries.

Our selection criterion is inspired by works using cost-based
scheduling (CBS) for maintaining SLOs [9, 55], where they define a
criterion to compute the expected benefits of delaying a query. We
extend their approach to account for query interactions.

Scoring candidate queries: Submitting all candidate queries to-
gether is not optimal because we have not accounted for their in-
teractions with each other. For example, submitting any of WQ; or
WQ2 now may be beneficial, but after submitting WQ1, IcongSched
may find that deferring WQ is better because of their negative
interference. Since evaluating an exponential number of query in-
teractions in the candidate query set is expensive, IcongSched uses
a greedy algorithm to approximate the optimal solution. At a high
level, IconqSched scores the candidate queries, ranks them, and
submits one query. Submitting this query will immediately trigger a
new invocation of IcongSched, at which point the candidate queries
will be re-derived and the scoring function re-evaluated.

We design the scoring function of IcongSched to minimize the
total end-to-end runtime for all RQ and WQ. For each candidate
query WQ;, the score is a sum of three components: i) A1 (WQ;),
measuring how promising the current system state is for WQ;’s
execution, ii) A2 (WQ;), measuring how badly the running queries
RQ will be affected by WQ;, and iii) how long WQ; has been in the

queue for. Smaller scores are better.

A1(WQ;) = Iconq(WQ;, RQ, t) — Stage(WQ;) (3)
Ay (WQi) = ), Teonq(RQ;, {WQ;} URQ,1) -
Jj
Iconq(RQ;, RQ, t) 4)
score = A1 + Ap — A = Queueing_time(WQj) (5)

As shown in Equation 3, A; (WQ;) is the difference between i)
WQ;’s predicted system runtime if submitted at time ¢ with queries
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RQ also running and ii) WQ;’s average runtime, as predicted by
Stage (see Section 3.1). We use WQ;’s average runtime to approx-
imate its runtime when submitted at an arbitrary future point. A
negative value of A1(WQ;) suggests that the current system state
has a positive impact on WQ; that makes its system runtime shorter
than average. In Equation 4, A2(WQ;) is the sum over all RQ of
the differences in their end-to-end runtimes if WQ; is submitted
now (at t) or not at all. Thus, A1 (WQ;) + A2(WQ;) corresponds
to the total query end-to-end runtime impact if we submit WQ;
now. Finally, as shown in Equation 5, the overall scoring function
also incorporates a penalty for queries that have been queued for
too long, controlled by a a hyperparameter A, in order to prevent a
query from starving in the waiting queue. It is possible to modify
the scoring function to optimize the median or tail runtime of all
queries [6, 36]. We leave this exploration as future work.

The candidate query with the smallest score is submitted for
execution, and then we immediately trigger another invocation of
IconqSched, at which point the candidate queries will be re-derived,
the scoring function re-evaluated, and the next best query submitted.
This greedy algorithm will iteratively select one query to submit
per invocation until some invocation derives an empty candidate
set (resulting in at most |[WQ| invocations).

Short query optimization: IcongSched uses its trained Stage pre-
dictor to predict the average runtime of a query upon its arrival in
the queue. IcongSched will directly submit this query if its average
runtime is less than 7 seconds, before even deriving the candidate
set. We do this because scheduling has a limited impact on short-
running queries—the runtime of short-running queries is very stable
under different system loads and concurrent states because they use
very limited resources (prior work made similar observations [2, 3]).
Another reason is that IcongSched needs to invoke Icong to make
scheduling decisions, incurring an additional 10 — 100ms of over-
head, which can be significant for short-running queries. In our
evaluation, we set 7 to 5 seconds.

Analysis: Each invocation of IcongSched calls Iconq O(L * |RQ]| *
|WQ]) times in a batch. The batch inference significantly accelerates
the inference process. Specifically, for each 7, [ € [1,L], we need
to predict the impact of each WQ; € WQ on each of the running
queries RQ. For most of the OLAP workloads [67, 70], the num-
ber of concurrently running queries |RQ| is relatively small (e.g.,
< 10). Compared to the heuristic-based schedulers [3, 25, 49, 60],
IconqSched is more principled because it designs a scoring func-
tion to optimize the overall end-to-end query runtime. It is worth
noticing that we do not consider our scheduling algorithm as a
general-purpose standalone component, but rather it should be
used in conjunction with an accurate runtime predictor capable of
modeling fine-grained interference among concurrent queries.

5 EVALUATION

In this section, we first describe our experimental setup in Sec-
tion 5.1. Then, we address the following questions:

e How much does our scheduler improve the query performance
of existing DBMSs on a practical workload (Section 5.2)?

o How does our scheduler behave with a varied number of clients
hitting the system (Section 5.3)?



e What are the accuracy and overhead of our runtime estimator?
How robust is it under a changing workload (Section 5.4)?

5.1 Experimental Setup

In this section, we explain our experimental environment, the base-
lines we compare with, and the workloads.

Environment: We note that IcongSched is not tailored to a particu-
lar DBMS but can be applied to a wide range of systems. We conduct
experiments on two DBMSs: Postgres [24] and Redshift [63].

We chose Postgres because it is one of the most widely used
open-source DBMSs with countless applications built upon it [14].
However, Postgres has a very simple scheduling approach that
uses the multi-programming level (MPL) to control the maximum
number of concurrent queries in an instance and executes queries in
a first-in-first-out fashion. Thus, Postgres leaves us room to improve
its scheduling decisions in a non-intrusive way. Our experiments
use AWS “db.m5.xlarge” Postgres 16.2 instances with 4 vCPUs, 16GB
RAM, 1000GB storage, and 2000 provisioned IOPS.

We chose Redshift because it is one of the most widely used
commercial data warehouses dedicated to OLAP workloads [14, 60],
which are the focus of this work. Redshift contains a state-of-the-art
workload manager that can make effective decisions on admission
control, scheduling, and resource allocation [50, 60, 73]. Thus, it is
very challenging for non-intrusive schedulers to improve Redshift.
Our experiment uses AWS “dc2.large” Redshift instances with 1
node, 2 vCPUs, 7.5 GB of RAM, and 160 GB of SSD. We tuned
the configurations (e.g., MPL) of both the Postgres and Redshift
instances on the workload traces. Our scheduler and all baselines
are trained and served on a Linux machine with 40 Intel(R) Xeon(R)
Gold 6230 CPUs [31] and 128GB RAM. We implemented Iconq in
Pytorch [53]. Our bi-LSTM model has 2 layers, a hidden size of 256,
an embedding size of 128 and <10 MB storage overhead.

Scheduling Baselines: We compared IcongSched to the following
non-intrusive query scheduler baselines:

o Postgres/Redshift: the original DBMS with tuned knobs.

® PGM: the PGM scheduler [49] that estimates the memory usage
for each query. The PGM scheduler uses the estimated memory as
admission control to keep the total memory usage of concurrently
executed queries under the total memory of the instance. Whenever
admitting a query would exceed this total memory, it adds the
query to a queue and considers the query with the largest predicted
memory from the queue as the next query to submit.

o QOshuffler: the Qshuffler scheduler [3] uses a simple heuristic-
based model to understand query interactions and schedule queries.
Specifically, it first clusters all queries into k types and assumes the
queries from the same type have the same characteristics. Then,
it represents the system state as a vector, counting the number of
running queries of each type. At last, it scores all queued queries
based on this vector and submits the one with the best score.

We did not compare with intrusive scheduling algorithms [21-
23, 34], including RL-based learned methods [41, 44, 59], because
they require changes to the execution engine of the underlying
DBMS that are impractical to implement in Postgres and Redshift.

Runtime Prediction Baselines: We compared Iconq with the fol-
lowing baselines on concurrent query runtime prediction accuracy:
o Qshuffler: the runtime predictor used by Qshuffler [3].
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e GPredictor: An ML-based state-of-the-art concurrent runtime
predictor [82]. Specifically, it represents the operators in the target
query and its concurrently running queries as nodes and their
interactions as edges. Then, it uses a graph neural network to
propagate this graph and estimate each operator’s runtime.

e Stage: the staged runtime predictor [73] mentioned in Sec-
tion 3.1. It only predicts the average runtime of a query without
considering any concurrent query information.

o Function: expert-designed analytic functions [1, 4, 19, 71], com-
monly used to predict runtime as a function of I/O, CPU, and mem-
ory usage. We combine the merits of existing approaches to derive a
comprehensive analytic function. Specifically, this function jointly
considers a wide range of query/system features (such as the esti-
mated resource usage of queries, data sharing, and system resource
capacities), which are independently modeled in prior works. It
also contains several parameters to adjust for estimation errors
and weight impacts on different resource types, optimized using
multi-dimensional regression on the training data. The details can
be found in our technical report [74].

We tuned the hyperparameters of all baselines and our scheduler
on a held-out validation trace. We ran experiments three times to
evaluate performance and took the average performance.

Workloads: The most straightforward approach to evaluate our
scheduler and the baselines is to compare their end-to-end perfor-
mance improvement over widely-used DBMSs on realistic work-
loads. We conduct our experiments on the following workloads:

o CAB [68] is a well-established cloud analytic benchmark for
comparing data warehouse performance on OLAP query workloads.
It uses TPC-H benchmark [13] to match the execution characteris-
tics of Snowset [70], which contains real customer’s query traces
from Snowflake data warehouse but does not include the relevant
tables or SQL statements. Specifically, CAB contains a large pool
of queries, generated from 22 TPC-H query templates plus one
additional insert/delete template. CAB issues queries from the pool
to match the typical query submission time patterns in Snowset
traces. Then, CAB uses different scales of TPC-H dataset to match
the query execution time, CPU time, concurrency level, and data
size of Snowset. One limitation of CAB is that the TPC-H dataset is
artificially generated and may not contain complex data distribution
and correlations like real-world datasets. Therefore, we additionally
conduct our experiments on the BRAD workload.

e BRAD [78] proposed an analytical workload based on real-
world data and realistic queries. Specifically, BRAD scales the IMDB
dataset [38] to 160GB in total size and generates a set of 1,000 OLAP
queries with diverse query templates that resemble the IMDB JOB
queries [38]. Afterward, we generate query submission times based
on the Snowset trace to derive a practical workload trace that closely
matches Snowset’s query submission times, completion times, and
concurrency levels.

We provide more details, such as query runtime and arrival rate
distribution, on these two workloads in our technical report [74].
For each workload, we obtained an execution trace spanning 7 days,
with an average of 5, 000 queries per day. In our experiments, we use
the first 5 days of both traces as the training data to train our models
and other baselines, the second-to-last day as the validation trace
to tune their hyperparameters, and the last day to evaluate their



Improving DBMS Scheduling Decisions with Accurate Performance Prediction on Concurrent Queries

(a) Postgres (CAB) (b) Postgres (BRAD) . : 250 (c) Redshift (CAB) (d) Redshift (BRAD)
wn
800 Postgres R I Redshift
o IconqSched ; _ |300 Ec : IcongSched 501 !: S
g 700 (system runtime) = = | 200 (system runtime) — 2%
"5 600| g lcongSched NER (250 w 1 g conaSched SE |401 o 2
8 (queueing time) ro [ 1 150 (queueing time) 3 B i
&%) mmm PGM scheduler 200 ! BN PGM scheduler | 30!
5 400 Qshuffler 150 1 0 Qshuffler I
& oy ) 100 = —Lo
© 300{ =i oS 0 553
> Sms 100 Lo ' ARE oo Si
S 200 i N A —On S 1 S g i
oo N
g 5k DR L 150 IS 101 KPS
< 100 B= 0wl D60 ! o RN
2L 1 RS
0 o RS !
mean p50 p90 mean p50 p90 . mean p50 P90 mean pso0 P90

Figure 6: End-to-end query performance of the non-intrusive schedulers over one day of the workload traces. The percentage
improvements for the schedulers over the Postgres/Redshift are shown at the top of the bars.

performance. We train one model per workload for both IcongSched
and the baselines. In addition to these realistic traces, we conduct
more adaptivity experiments on simulated workload traces, whose
details are described in Section 5.3.

5.2 End-to-end performance

To evaluate IconqSched and the baseline systems, we first present
their overall performance for executing the CAB and BRAD work-
loads in both Postgres and Redshift. Subsequently, we look at spe-
cific examples to understand how IcongSched enhances performance
compared to Postgres. For a fair assessment, we report the end-to-
end runtime (eZe-time), which includes the scheduler’s queueing
time plus the system runtime for a query.

5.2.1 Performance on Postgres. The overall performance of Icon-
qSched and other baselines executing one day of CAB and BRAD
workload traces are shown in Figure 6. We report the average,
median, and tail eZe-time of all queries.

Performance for CAB workload: Figure 6-(a) shows the per-
formance of all schedulers when executing the CAB workload.
IconqSched achieves 16.2% average improvement ((Postgres —
IcongSched) [ Postgres), 18.5% median improvement, and 23.8% tail
improvement over Postgres. IconqSched has a significant perfor-
mance gain compared with the other baselines because of our accu-
rate runtime predictor. The CAB workload only contains 22 unique
TPC-H query templates plus one additional insert/delete query.
Queries from the same template exhibit similar characteristics (e.g.,
scanning the same tables and having the same query plans), making
it easier to understand query interactions. Thus, we observe that
the non-intrusive scheduler baselines can improve the performance
of Postgres. In particular, Qshuffler scheduler can cluster queries
based on their corresponding query templates and capture inter-
actions between query templates. Qshuffler achieves up to 10.5%
improvement over Postgres.

Performance for BRAD workload: Figure 6-(b) shows the per-
formance of all schedulers when executing the BRAD workload.
IconqSched achieves a 16.2% average improvement and 33.6% on all
queries. Different from the CAB workload, other baselines barely
outperform Postgres because the complicated query interactions in
the workload are hard to model with heuristics. On the p-50 metric
of all queries, roughly all baselines achieve the same performance
because more than 50% of queries are short-running, which use a
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Figure 7: (Example 1) Delaying the execution of some queries
can improve query performance.

small amount of resources, and are not sensitive to the different
concurrent states of the system. Thus, no scheduler is likely to
improve the performance of these queries. Recent literature has
made similar observations [2, 3]. In contrast, when considering
just long-running queries (those with p-90 runtime), IcongSched
can achieve a 33.6% improvement over Postgres because of its ac-
curate modeling of concurrent query performance and effective
scheduling decisions. Overall, these results show that IcongSched
can re-arrange query execution order to significantly speed up the
overall workload execution. We provide detailed examples of how
IcongSched improves Postgres performance in Section 5.2.3.

5.2.2  Performance on Redshift. We executed these two workloads
in Redshift. On CAB workload (Figure 6-(c)), IconqSched achieves
a 14.4% average and 22.9% tail improvement over Redshift on all
queries. However, the other baselines do not improve over Redshift
because Redshift already employs a state-of-the-art scheduler [50,
60, 73], making it challenging to improve its performance with a
non-intrusive scheduler.

We observe similar results on the BRAD workload. As shown in
Figure 6-(d), IcongSched achieves a 10.3% average, and 14.9% tail
improvement over Redshift. This improvement is slightly lower
than that on CAB workload because BRAD has a lighter query load
with more short-running queries. As we explained earlier, short-
running queries are hard for IconqSched and other baselines to
improve, which also explains why IcongSched does not improve the
median BRAD query eZe-time in Figure 6-(d).

5.2.3 Example Scenarios. In the following, we provide two exam-
ples derived from real executions of the BRAD workload in Postgres
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Figure 8: (Example 2) Optimizing resource usage and data
sharing can improve query performance.

to explain the performance gain, demonstrating IcongSched’s ability
to avoid “bad” and seek “good” concurrent executions.

First, sometimes executing queries sequentially can be
more efficient than executing them concurrently. For instance,
executing two memory-intensive queries simultaneously can cause
significant memory contention and even lead to disk spills, which
greatly slows down the joins in both queries. Figure 7 provides
a concrete example involving five queries, Qq, ..., Q4, executed
within our workload. The legend at the top outlines each query’s
resource consumption characteristics with different colors. These
characteristics are manually derived for the ease of understanding
the example but they are not observable by IcongSched or other
baselines. The left panel shows their default execution in Postgres,
where these queries are run concurrently, resulting in high resource
contention and a long total eZe-time of 1603s.

The right panel of Figure 7 shows IcongSched’s scheduling and
execution decisions. Iconq accurately predicts the runtime of these
queries both in sequential and concurrent executions, identifying
the benefits of delaying the execution of certain queries. As a result,
when IcongSched processes these queries, it decides to queue Qg
and submit it after Qp is completed, queue Q3 and submit it after
Q1, and queue Q4 to be submitted after Q3 finishes. This approach
minimizes resource contention throughout the execution, thereby
reducing the total eZe-time to 1224s.

It’s important to note that other scheduling methods, such as
PGM and Qshuffler, lack the precise and detailed runtime predic-
tion capabilities necessary to differentiate between sequential and
concurrent execution of these queries.

Second, optimizing different resource usage and data shar-
ing can improve query performance. An on-premises DBMS
cluster contains a fixed number of different resource types (e.g.,
memory, CPU, I/O, bandwidth), and a query may use different
amounts of each resource. For example, executing two queries with
large joins may use up most of the memory, but the system may
still efficiently process CPU-intensive queries (e.g., with complex
filter predicates). As in previous example, Figure 8 shows a example
of four queries Qy, . .., Q3 in our workload executed on Postgres.
Qo and Q; contain I/O- and memory-intensive big joins while Q2
and Q3 are CPU-intensive queries with complex filter predicates.
Postgres executes Qp, Q1, Q2, and Q3 concurrently, leading to high
resource contention and a long total eZe-time of 870s.

In contrast, IconqSched can accurately model the interactions
of these four queries and understand that executing Q¢ and Q1
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Figure 9: Performance of different schedulers with varied
number of clients on executing BRAD queries in Postgres.

together is inefficient. Thus, IconqSched decides to queue Q1 until
Qo finishes to avoid memory contention. When Q» arrives, Icon-
qSched identifies the benefits of running Q2 concurrently with Qo,
since they use different resources but access the same set of tables.
Thus, IconqSched decides to submit it directly. Similarly, IconqSched
understands that running Q, and Qs together is inefficient and
decides to queue Q3 and submit it after Q; finishes. Therefore, by
using Icong’s fine-grained concurrent runtime predictions, Icon-
qSched can implicitly optimize different types of resource usage
and leverage data sharing. It is worth noting that instead of directly
estimating each query’s CPU or memory usage, Iconq implicitly
captures these resource demands by accurately predicting the query
runtime under different system states.

5.3 Adaptivity Analysis
To better understand the robustness of IcongSched in various situ-
ations, we conducted adaptivity experiments with a varied num-
ber of clients. Our experimental setting is similar to many prior
works [25, 49] in that we simulate k clients in parallel. Each client
continuously issues queries in a closed loop to the same DBMS
(Postgres or Redshift) instance. Specifically, each client randomly
draws a query from the CAB/BRAD query pool, submits it to the
DBMS instance, waits for it to finish, and immediately submits the
next query. We chose the number of clients to be k = 2,4, 8, 16,
corresponding to a light load, an average load, a heavy load, and
an extremely overloaded system state of the practical workload
trace. We ran each experiment for 10 hours. Figure 9 shows the
average query runtime for different numbers of clients running
BRAD queries on Postgres. Due to space limitations, we put similar
results on CAB queries and Redshift in our technical report [74].
For k = 2, IconqSched performs similarly to Postgres because there
are not enough queries in the waiting queue for IconqSched to select
a query to submit that positively interacts with the running queries.
IcongSched’s performance improvement over Postgres increased
significantly from two to eight clients because, with more clients,
more queries are waiting in the queue, and our scheduler has a
better opportunity to submit optimal queries at the optimal time.
Moreover, with a median and heavy system load, cleverly man-
aging system resource usage can lead to significant improvement
in execution time. The performance improvement for 16 clients
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Figure 10: Runtime predictors’ performance on concurrent
queries of BRAD workload in Postgres.

(19.6%) is not as significant as for four or eight clients. Simulat-
ing with 16 concurrent clients severely overloaded the Postgres
instance, with more than 10% of the queries timing out (> 1000s)
in the original Postgres execution. Because of the extremely heavy
load, IcongSched frequently queues queries to offload the instance.
As a result, many queries are queued for a long time and have to be
submitted due to the starvation penalty (Equation 5). These queries
are not necessarily the optimal queries to submit at the optimal
time. Therefore, we observe a decrease in performance gain for
IconqgSched in the case of 16 clients. We plan to explore how to
address this issue in future work. We did not experiment with more
than 16 clients because k = 16 already clearly exceeded the capacity
of the Postgres instance.

Instead, they can sometimes increase the queueing time. As a
result, these two baselines frequently make suboptimal decisions
and sometimes perform worse than Postgres.

5.4 Performance of Runtime Predictors

In this section, we evaluate Iconq against the baselines mentioned
in Section 5.1. We first report the overall performance on the BRAD
workload executed in Postgres and then evaluate the generalizabil-
ity of each method. Due to space limitation, we do not report similar
performance trends on the CAB workload and Redshift.

Overall performance: Following the convention of prior works [26,
51, 73, 75, 76], we judge the prediction accuracy of each method at
P50, p90, and p95, using two well-recognized metrics: i) absolute-
error, which measures the absolute difference between predicted
runtime and true runtime: |predicted — true|; and ii) Q-error, which
measures their relative/fractional difference: max{predicted/true,
true/predicted}. On both metrics, lower is better, with 0 and 1
being optimal, respectively.

Figure 10 shows the performance of Iconq and the baselines on all
concurrent queries of the testing workload (~ 5000 queries). Icong
achieves significantly better performance on all metrics. We observe
a 1.5x — 2.4x and 2.4x — 4.9x difference on Q-error for median and
tail (p-90), respectively. Similarly, on absolute-error, we observe a
2.5x—6.2x improvement on the median and 3.3x—4.9x improvement
on the tail. Stage performs the worst because it only estimates
the average query runtime without considering concurrent query
information. We also compared other aspects of runtime predictors,
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such as the training time, model size, and inference speed, which
can be found in our technical report [74].

Robustness and generalizability: In addition, we conducted two
generalizability experiments to demonstrate the robustness of Icong.

First, we evaluate these runtime predictors’ generalizability to
heavier concurrency states, i.e., queries with more concurrently
running queries. Specifically, we train these predictors on queries
with < 10 concurrently running queries and test on queries with
10—20 and > 20 concurrently running queries. Figure 11 shows that
Icong remains very accurate even for unseen heavier concurrency
states. This is because Iconq uses the hidden state of a bi-directional
LSTM to represent concurrent and system state changes that can
better extrapolate to an unseen concurrency state. We provide more
detailed reasons for Icong’s robustness in Section 3.2. We also find
Qshuffler’s performance relatively stable because its heuristics are
robust against changing concurrent states. However, other base-
lines experience a significant decrease in accuracy when tested on
heavier concurrent states.

Second, we evaluate these methods’ generalizability to more
complex query templates (e.g., more table joins). We train them on
queries with < 5 table joins and test on queries with 5 — 7 and > 7
table joins. Figure 11 shows that Iconq remains very accurate even
for harder query templates because the model feature captures the
inherent properties of the queries (e.g., average runtime, cardinali-
ties, and plan structure) that can be better extrapolated to unseen
query templates. We also find Function’s performance relatively
stable because this simple method does not encode any information
about the query template. However, other baselines experience a
significant decrease in accuracy when tested on harder templates.
GPredictor featurizes the query plan as a graph. For queries with
more joins, their corresponding graphs get much larger. We hy-
pothesize that the trained GCN model may overfit small graphs and
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Figure 13: Ablation study: end-to-end query performance of
BRAD workload on Postgres for different predictors.

extrapolate poorly to larger ones. Qshuffler uses a simple clustering
model to group similar queries into clusters. For more complex
queries, the trained model cannot easily cluster them and will lead
to very poor performance.

Ablation study: To further demonstrate the superiority of Icong,
we conduct an ablation study on the BRAD workload. We compare
IcongSched’s end-to-end performance against a baseline where we
keep our scheduling algorithm, but swap the runtime predictor
to use GPredictor rather than using Icongq. Figure 13 shows that
this baseline leads to much worse end-to-end query performance,
even worse than Postgres. As discussed earlier, this is because the
prediction accuracy of Iconq is much higher than that of GPredictor.
Moreover, our scheduling algorithm needs predictions on how sub-
mitting a query impacts the execution time of existing queries, which
Iconq can provide through its bi-directional message passing design.
GPredictor does not have such a mechanism to make a reasonable
prediction, leading to poor end-to-end performance.

6 RELATED WORK

To highlight this work’s novelty, we review the related work in
runtime prediction and scheduling for OLAP queries.

Query runtime prediction: Much of the prior work focuses
on predicting the runtime of a single query without consider-
ing its concurrent state. Traditional methods typically rely on
manually-derived heuristics and statistical models to analyze rela-
tional operators [5, 20, 39, 72]. On the other hand, machine learning
models can predict the runtime of a query with greater accuracy
than traditional approaches, but they experience high inference
latency [28, 45, 46, 48, 64, 73, 77, 81].

Predicting the runtime of a target query given its concurrent
state (i.e., the system state and the concurrently executed queries)
is a much harder problem than single query prediction. Most of
the existing methods are based on simple heuristics. Analytic func-
tions/models [1, 4, 19, 71] are commonly used to predict concurrent
runtime as a function of I/O, CPU, and memory usage. BAL [18]
uses buffer access latency to capture the effect of disk I/O. Qshuf-
fler [3] clusters queries into different types and approximates query
interactions between these types. Such simple approaches cannot
accurately predict the runtime of queries in practical workloads
with complex query interactions and system state changes. A re-
cent work [82] proposed using a graph neural network (GNN) to
understand complex interactions among concurrently executing
queries. It has been shown to be significantly more accurate than
the traditional methods. However, this GNN-based approach is not
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well suited to our work. First, it assumes perfect knowledge of
queries that arrive after the target query, which is impractical in
our setting. Second, it cannot understand system state changes at
different timestamps, which can produce inaccurate predictions.

Query scheduling: Traditional, deeply-integrated schedulers use
simple heuristics or analytical models to estimate the needs of each
query/operator and allocate appropriate resources [21-23, 34, 60].
Recent approaches [41, 44, 59] propose representing query plans
as graphs and using deep reinforcement learning (RL) to make fine-
grained scheduling decisions. They can cleverly allocate appropriate
resources to different query operators, which significantly improves
over traditional methods. However, these RL-based methods require
extensive training and exploration inside the DBMS instance before
achieving satisfactory performance, which may not be affordable
for many users. Many non-intrusive approaches also use simple
rules or heuristics to schedule queries and control query admission,
such as first-in-first-out, shortest-query-first [60], and fair schedul-
ing [21, 25]. Others use analytic models and regression models to
estimate query cost/runtime and resource consumption in order to
control the multi-programming level (MPL) and perform query ad-
mission [9, 12, 15, 16, 27, 49, 55, 79]. QShufiler [2, 3] uses heuristics
to approximate query interactions and leverages them to schedule
queries that can minimize the overall runtime. These heuristic-
based non-intrusive scheduling algorithms can easily make sub-
optimal decisions. In contrast, IconqSched leverages its fine-grained
runtime predictions to accurately understand query performance
under different concurrent query loads to decide which queries to
execute and when to execute them.

7 CONCLUSION

This work introduces IcongSched, a non-intrusive scheduler de-
signed to enhance the performance of a DBMS by effectively rear-
ranging the execution order and submission time of queries. Icon-
qSched employs a novel fine-grained predictor, Icong, which treats
the DBMS instance as a black box and predicts the system runtime
of concurrently executed queries on that instance. Experiments
demonstrate that IcongSched can significantly improve the per-
formance of Postgres and Redshift on a realistic OLAP workload.
Although not a focus of this work, we believe Icong has significant
additional benefits in other DBMS tasks, such as query optimization
and maintaining service level objectives (SLOs).
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