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ABSTRACT

Modern data systems are judged by their ability to meet the high-level performance
objectives of the diverse applications they support. However, as growing system complexity
makes performance sensitive to interactions among components, configurations, states, and
workloads, relating these high-level objectives to the evidence and controls exposed by the
underlying systems is becoming increasingly difficult.

This thesis traverses this abstraction gap in service of two complementary needs:
interpreting operational evidence to obtain actionable diagnoses and translating operational
objectives into system management decisions. In both cases, we are guided by three design
principles: scoping system modeling based on the operator’s intent; refining these system
models through feedback; and prioritizing reasoning effort based on anticipated impact.

We first present LOGos, a human-in-the-loop framework for causal inference over textual
system logs. Building on the insight that answering a particular causal question only requires
specifying a portion of the causal graph, LOGos transforms raw logs into data suitable for
causal inference, ranks plausible causes, and solicits targeted operator judgments only about
causal relationships that can materially affect the effect of interest. It therefore interprets low-
level log evidence to help answer high-level diagnostic questions. On real-world and synthetic
logs, LOGos improves candidate-cause ranking by 1.08×–18×, requires 1.61×–16.83× fewer
causal judgments, and scales linearly with multiple measures of log complexity.

We then present AutoSLO, a framework for managing multi-cluster cloud data warehouses
to cost-effectively meet per-query latency service-level objectives (SLOs). AutoSLO operates
across three timescales: a periodic Policy Tuner plans for recurring workload behavior, a
reactive Autoscaler adjusts resources when observations deviate from the plan, and an online
Query Router reacts to live concurrency. It therefore translates high-level latency SLOs
into the low-level query routing and cluster management decisions needed to meet them.
On realistic Redbench-generated workloads, AutoSLO meets latency objectives of varying
strictness while reducing infrastructure cost by a mean of 26.4% relative to the per-scenario
next-best baseline, with each component operating efficiently within its timescale.

Together, these systems traverse the abstraction gap in opposite directions, making
complex data systems easier to understand and manage.

Thesis supervisor: Tim Kraska
Title: Associate Professor of Electrical Engineering and Computer Science
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Chapter 1

Introduction

Modern data systems are built to support applications and are judged by those applications’
high-level outcomes. Examples include user-facing latency, availability, and reliability, as well
as operating considerations like infrastructure cost and team budgets and timelines. Such
outcomes can often be formalized as quantitative service-level objectives (SLOs) [30, 249],
such as “95% of queries originating from this dashboard must complete within 500 ms”.

While SLOs help define and identify problems, they do not offer deeper insight into their
causes. An application-level symptom such as high latency may originate from insufficient
resources, an inappropriate configuration, an unexpected workload spike, or a newly introduced
software bug. Disambiguating these possibilities and taking corrective action has become
increasingly difficult as modern data systems have grown more tailored [211] and complex,
in response to forces as diverse as novel application requirements [25, 28, 117, 128, 169,
193], emerging hardware trends [36, 233, 244, 248], practical concerns about scalability,
maintainability, and usability [63, 157, 177], and the commodification of infrastructure and
data management services in the cloud [19, 52, 176, 224]. Moreover, performance is not
a static property of the system design, but emerges from interactions among the system’s
components, its configuration, its current state, and its current workload. Decisions that led
to SLO compliance under one set of conditions may therefore cease to do so as workloads
evolve, data distributions shift, software is updated, and resource utilization varies.

Continuously interpreting system monitoring data, diagnosing problems, and issuing
appropriate corrective actions can require significant technical expertise, beyond the business
considerations driving the applications supported by the system. Rather than directly
accepting a high-level SLO, the underlying system can often only be controlled by mechanisms
such as memory allocations, scheduling policies, and resource provisioning, while it documents
and exposes its past behavior through large volumes of logs, traces, and execution profiles.
There is, therefore, often an abstraction gap between the level at which systems expose
their behavior and the level at which system operators can productively reason about this
behavior and manage it, as shown in Figure 1.1. As systems grow more complex, this gap
widens further, since it becomes increasingly difficult for an operator to inspect all available
evidence or evaluate every possible operational action.

The abstraction gap adds friction to the process of translating business needs into effective
system decisions. Academia and industry have sought to narrow this gap in recent years by
progressively raising the level of abstraction at which systems are observed, configured, and
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Figure 1.1: Managing complex systems is hampered by an abstraction gap between system
inputs/outputs and operator questions and specifications. LOGos and AutoSLO narrow this
gap, helping extract causal conclusions and enforce latency SLOs.

operated. Managed and serverless services hide many infrastructure decisions [204], while
modern observability platforms [57, 209] and self-managing systems [157, 189] help operators
automate some of the burden. The recent rise of large language models and AI agents has
further streamlined the operator experience [40, 77, 123, 127, 243, 259, 260, 269, 270]. In this
thesis, we contribute to this research direction in support of the following thesis statement:

Thesis Statement

Efficiently operating increasingly complex data systems requires narrowing the abstraction
gap between their low-level monitoring and control mechanisms and operators’ high-level
questions and objectives.

In particular, we help address two complementary needs. First, when a system exhibits
undesirable performance, operators need to understand the underlying causes and assess the
expected impact of different possible corrective actions. For example, is it time to switch
to a cluster with more available memory, or is performance degradation caused by a newly
introduced software bug? The first part of this thesis investigates how textual system logs
can be used to answer such questions in a principled manner while selectively tapping into
the domain knowledge of operators. Second, as workloads and operating conditions evolve,
operators need to ensure the system continues to achieve the desired SLOs. The second part
of this thesis focuses on how query latency objectives can be translated into query routing
and cluster management decisions across diverse workloads and timescales.
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1.1 Design Principles
Although the two parts of this thesis traverse the abstraction gap in opposite directions, they
both reflect three common design principles:
Principle 1: Scope modeling by intent. Fully modeling a complex modern system
with all of its components, states, interactions, and possible behaviors can be extremely
challenging, but it is often also unnecessary. An operator typically needs to answer a specific
question or achieve a particular objective, rather than understand every aspect of the system.
We can use this well-scoped intent to selectively expend modeling effort on understanding
only the relevant pieces of evidence and the relationships among them. This reduces the
overhead of constructing and maintaining such a model, while retaining the information
needed to produce a useful answer or decision.
Principle 2: Refine models through feedback. System models constructed from
operational evidence are inevitably imperfect. Even without deliberately limiting model
scope, sources of imperfection abound: logs are only partial views of system behavior,
historical observations may not represent current conditions, and complex interactions may
be difficult to reliably infer. A practical tool should remain flexible, incorporating feedback
as new or more detailed information becomes available, either in the form of direct operator
knowledge or from observations collected during continued system operation.
Principle 3: Prioritize reasoning by impact. Resolving every model imperfection
can become prohibitively expensive. This cost may take the form of computation, expert
operator attention, or decision-making latency. However, not every imperfection is equally
consequential: many additional refinements would leave the ultimate answer or action
unchanged. We should therefore prioritize based on potential downstream impact, dedicating
expensive analysis or human attention only when it could materially affect the final result.

Taken together, these principles help create practical and efficient management tools that
can adapt over time. We next show how these principles inform each part of this thesis.

1.2 Diagnosing Performance with LOGos

The first direction across the abstraction gap is from low-level operational evidence to answers
about undesirable performance. Observing an SLO violation or another application-level
symptom identifies that a problem exists, but not what caused it or how an operator should
respond. An actionable diagnosis must disambiguate among possible causes and help quantify
how potential corrective interventions would change the observed outcome.

In a complex system where components may use diverse technologies, text logs remain
a ubiquitous common denominator and an important source of evidence for obtaining a
comprehensive view of the system state. Still, the same flexibility that makes logs easy to
generate and merge implies widespread heterogeneity, for example in message formatting or in
the frequency of logging, which makes logs hard to analyze. Existing log-analysis techniques
largely sidestep this problem by taking a coarser-grained view and focusing on log anomalies
or messages explicitly labeled as errors [56, 57, 70, 80, 187, 209]. However, detecting an
anomaly is only a first step. It is a far cry from the actionable, verified diagnosis needed by
an operator in order to determine what to do next and what results they can expect.
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Reaching such a diagnosis calls for causal inference: the study of discovering and quanti-
fying cause-effect relationships. However, applying causal inference to production textual
logs is non-trivial. One must first determine and populate suitable variables using the log
data, before positing their causal relationships and quantifying the implied causal effects.
Manually performing this preprocessing is impractical given the scale and heterogeneity of
production log data; at the same time, automating it fully is both computationally expensive
and unreliable when dealing with the redundant and unevenly distributed log data.

Chapter 2 addresses this problem by presenting LOGos, a human-in-the-loop framework
that efficiently empowers operators to extract causal conclusions from textual logs with
minimal feedback. Its central insight reflects Principle 1: answering a particular causal
question does not require constructing the system’s complete causal graph. Instead, LOGos
only constructs the portion of the causal graph needed to estimate the effect of interest.
Following Principles 2 and 3, it constructs this partial graph by soliciting focused operator
feedback, in the form of judgments over pairwise causal relationships between log variables.
Concretely, the Log Converter transforms raw logs into a tabular representation suitable for
causal inference; the Candidate Cause Ranker helps operators navigate this representation
by ranking plausible causes of an observed outcome variable of interest; and the Interactive
Causal Graph Refiner focuses operators’ attention only on the unresolved causal relationships
that could strongly affect the effect of interest.

Our evaluation of LOGos on real-world and synthetic logs shows that this human-in-the-
loop approach improves candidate-cause ranking by 1.08×–18× over appropriate baselines,
requires 1.61×–16.83× fewer operator judgments to refine the causal graph, and scales linearly
with multiple measures of log complexity. As shown in Figure 1.1, LOGos demonstrates one
way to bridge the abstraction gap in service of the performance diagnosis need: rather than
reasoning over large volumes of low-level evidence, operators only need to use LOGos to
posit a causal question and selectively contribute domain knowledge. This contribution is
developed in Chapter 2 and draws on previously published work [145, 148, 149].

1.3 Managing Performance with AutoSLO

The second direction across the abstraction gap is from high-level performance objectives
to the low-level actions needed to achieve them. An SLO specifies the desired outcome, but
does not determine how resources should be provisioned, how work should be scheduled, or
when those decisions should be revisited. Without appropriate management tools, operators
must continually assess risks and manipulate these low-level mechanisms themselves.

This problem is particularly challenging in cloud data warehouses, which support het-
erogeneous workloads with substantially different performance expectations: interactive
dashboards, ad hoc data-science queries, and batch-processing jobs may all operate on the
same underlying data. The current architectural best practice is to take advantage of the
compute-storage decoupling offered by modern cloud data warehouses, assigning different
workloads to different clusters and managing them independently. However, assigning each
workload to a dedicated cluster is only a coarse-grained attempt to safeguard its performance
requirements; each dedicated cluster must still be continually scaled as its workload changes,
with over-provisioning wasting resources and under-provisioning risking poor performance.
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Automating workload management in cloud data warehouses has received significant
attention in recent years from academia and industry alike, with production systems gradually
raising the level of abstraction of their interfaces. For example, Amazon Redshift Serverless
offers a qualitative slider interface through which users can express their price-performance
sensitivity [157]. Existing systems, however, generally stop short of allowing application
owners to express per-workload latency SLOs and then enforcing them automatically.

Chapter 3 presents AutoSLO, a workload management framework where such latency SLOs
are treated as first-class inputs. The SLOs scope both the management objective and the
modeling required to maintain it, reflecting Principle 1. Rather than constructing a detailed
analytical model of the warehouse, AutoSLO is built around a learned contention-aware
Latency Predictor, which is used to inform query-routing and cluster-management decisions.

Because workload forecasts and latency predictions are necessarily imperfect, AutoSLO
receives and responds to feedback across three operating timescales, in accordance with
Principle 2. A periodic Policy Tuner uses historical workloads to proactively plan workload
execution by scheduling cluster scaling actions and configuring online policies. A reactive
Autoscaler adjusts the active cluster set when recent workload behavior deviates from the
plan. Finally, an online Query Router reacts to live concurrency when placing each arriving
query, accounting for both its own SLO and its effect on already-running queries.

The separation across three timescales also reflects Principle 3. Expensive workload
simulations used for policy exploration are performed by the Policy Tuner only periodically,
which amortizes their cost by ensuring they can benefit a long enough future workload
horizon. The Autoscaler considers reactive scaling only when recent observations indicate it
may be consequential, and it uses a simple workload forecasting approach to remain efficient.
Finally, the Query Router is designed to be efficient enough to operate on the critical path of
every query. AutoSLO therefore matches the depth and latency of its reasoning to the scope,
urgency, and anticipated impact of each decision.

Our evaluation on realistic Redbench-generated workloads shows that AutoSLO meets
latency objectives of varying strictness while reducing infrastructure cost by a mean of 26.4%
relative to the per-scenario next-best baseline. Component-level experiments further show that
each component reduces SLO violations while remaining efficient for its intended operating
timescale. As shown in Figure 1.1, AutoSLO bridges the abstraction gap for the performance
management need in the opposite direction from LOGos: while LOGos translates low-level
log-derived evidence into answers to high-level diagnostic questions, AutoSLO translates
high-level performance objectives into the low-level query routing and cluster management
actions needed to meet them cost-effectively. This contribution is developed in Chapter 3
and draws on previously published work [146, 147].
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Chapter 2

From Logs to Causal Inference:
Diagnosing Large Systems

2.1 Introduction
The scale and complexity of today’s computer systems make failures frequent [82, 109, 190, 253]
and their diagnosis challenging, especially in production [112, 185, 218]. Traditional systematic
debugging techniques, like testing [54, 150, 153, 183], formal verification [35, 65, 95, 225],
and simulation [111, 124, 236], often fall short for problems in a large, complex production
system [185]. Operations teams do not have the time and expertise (or often even the access
permissions) to fully ascertain the correctness of the codebase [109, 196]. Instead, they have
to work backward from each failure towards its cause using observational data collected from
the system, most notably large volumes of logs, usually in text format.

Episode 1 Alex is an on-call engineer at a startup that offers a cloud-based software service.
Several users are complaining that a certain feature, which triggers a query on a user-specific
PostgreSQL back-end database, is very slow. Alex’s manager has tasked Alex with discovering
why the feature is so slow for these specific users and the best way to fix it quickly. But all
Alex has to go on is text logs!

User Goal. Informally, we have heard reports from operations teams spending tens of human-
hours with tools such as Splunk [209] or Datadog [57] in order to diagnose a poorly understood
problem. Such log analysis tools offer a good starting point, given their broad coverage of
software and hardware components through existing log management infrastructure. However,
if users could simply ask such a tool why an observed problem took place and by how much
we expect each of a collection of remedies to help, then we might dramatically lower the
Mean Time to Repair (MTTR).

To answer such questions in a principled manner, we turn to the growing field of causal
reasoning [172], which aims to quantitatively describe cause-effect mechanisms. Causal
reasoning has provided scientists with a common language to express and evaluate hypotheses
about complex systems across diverse domains including medicine [231], economics [104],
biology [47], and social sciences [205]. In recent years, causal reasoning has also piqued the
interest of computer scientists. For example, machine learning researchers leverage it to provide
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additional structure and trustworthiness to machine learning problems, leading to research
areas like causal representation learning [191] and causal reinforcement learning [75, 256]. At
the same time, computer systems researchers have used causal reasoning to better understand
and debug large complicated systems [11, 73].

In this work, we adopt the standard theory of causality developed by Pearl [172], where
the goal is to correctly calculate an Average Treatment Effect (ATE) corresponding to a
hypothesis about the observed phenomenon – for example, in Alex’s case, if one more worker
is added to PostgreSQL, how much will mean query latency change? What if the working
memory is increased by 1 MB?

To calculate such ATEs, Pearl’s theory requires not only observations, but also another
input called a causal graph. The causal graph represents each observed variable as a node
and each potential direct causal relationship as a directed edge, and can be used to infer
which variables to adjust for (the adjustment set). Without a proper adjustment set, an ATE
calculation can be inaccurate due to confounding bias, where variables sharing a common
cause erroneously appear to cause each other [172]. Therefore, the accuracy of the ATE
directly depends on the quality of the causal graph. We aim for a causal diagnosis tool that
can help address a wide range of software and data systems problems, ultimately enabling a
user experience like the following:

Episode 2 Alex discovers that our framework can create high-quality resources for causal
inference out of log data. With a few interactions, Alex transforms the available log data and
rapidly finds out that the maximum allowed number of parallel workers exerts a high absolute
ATE on mean query latency. Alex forwards this to the database team to ensure that this
setting is set appropriately, restoring user performance.

Technical Problem. As described, correctly estimating an ATE from observational data
requires a valid adjustment set, and finding a valid adjustment set is in turn made possible
by an accurate causal graph. Obtaining such a causal graph is therefore our main concern.

However, high-quality causal graphs are difficult to obtain at scale. For problem instances
with few variables, a causal graph is usually assumed to be manually curated by a domain
expert [149, 222]. However, manual curation is a daunting and error-prone task over the
possibly hundreds or thousands of log-derived variables [161], since the number of edges to
consider for inclusion is quadratic in the number of variables. Instead, it is often possible
to obtain a (partial) causal graph from the data itself, using one of several available causal
discovery algorithms [78, 198, 208, 223, 255, 275]. Such algorithms progressively narrow
the class of causal graphs that would be compatible with the available data, using various
conditional independence calculations or information-theoretic scoring techniques.

Even though causal discovery algorithms are more scalable than manual construction, the
graphs they generate are not perfect. Depending on the choice of algorithm, the generated
graph may be incomplete, if the available data is not sufficient to determine the direction of
all causal relationships [207, 208]. Even worse, depending on the requirements of the causal
discovery algorithm (e.g. independent noise terms [198]) and possible biases in the available
data (e.g. selection bias), the generated graph may be incorrect with respect to the actual
data generation process [120]. Even small mistakes in a causal graph can have a large impact
on downstream results, if they imply a different adjustment set.
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In particular, as we will show in Section 2.2.2, causal discovery algorithms fall short for
log datasets because of three challenges of log data:

1. Functional Dependencies: Logging aims to capture as much information about the
system as possible, even if redundant, since reproducing a sequence of events may not be
an option. This leads to widespread functional dependencies in the resulting datasets,
which cause issues with the conditional independence tests often used for causal discovery.

2. Large Number of Variables: The sophistication and modularity of modern systems
lead to logs capturing hundreds or thousands of variables. The exponential complexity of
causal discovery algorithms can be prohibitive in this setting.

3. Biased Data Collection: Capturing a large number of variables at a high frequency can
mean that an interesting log message is drowned out by strong “common case” message
sequences, which will be more readily identified during causal discovery.

The key difficulty we tackle in this chapter is efficiently obtaining a causal graph from log data
despite these challenges, without resorting to exhaustive manual causal graph construction.
Our Approach. To combat the three challenges above, we use a key insight: while overall
graph fidelity is important, correctly calculating an ATE only requires part of the
causal graph. This is because not every causal graph inaccuracy will alter the adjustment
set, and it is the adjustment set that determines the ATE. As long as we focus on the
impactful parts of the graph, we can solicit some human input without overwhelming users.

We therefore propose approaching causal inference over log data using a human-in-the-loop
framework called LOGos, combining the intelligent use of available data and a judicious
solicitation of user input. Through a series of judgments, the user can iteratively receive
suggestions from LOGos and refine parts of their causal graph in order of decreasing importance.
This leads to a causal graph sufficient for calculating the ATE of interest correctly, with
significantly less user input than a naive approach. We achieve this through two human-
in-the-loop modules: the Candidate Cause Ranker and the Interactive Causal Graph Refiner,
together with a data preparation pipeline, the Log Converter.

The Candidate Cause Ranker helps users quickly discover causes of their outcome of interest.
In each call, the user specifies a variable E and receives a ranked list of candidate causes
{Ci}. The user can then tap their expertise to evaluate the plausibility of each candidate Ci

and possibly add the edge Ci → E to their causal graph. Crucially, if some candidates are
functionally dependent, the user has the freedom to include the most appropriate one for
their analysis in the causal graph. Thus this module addresses Challenge 1. By iteratively
applying this process, users can navigate log data efficiently to find a “root cause” T of their
original outcome variable of interest O (e.g. mean latency, for Alex).

However, discovering one causal path from T to O is not enough to correctly calculate
the ATE, since there may be additional variables confounding this effect. Such variables
should be added to the graph and used to derive the adjustment set. For example, Alex may
mis-estimate the impact of increased parallelism on mean query latency if the changes made
to other settings (e.g. the working memory) in order to accommodate more parallelism are
not considered. The Interactive Causal Graph Refiner addresses this problem through another
human-in-the-loop process. In particular, given T , O, and the user’s current causal graph, it
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presents graph edits to the user that would maximally affect the ATE of T on O. The user can
then consider the plausibility of such edits and decide whether to apply them, progressively
increasing the accuracy of their graph and the robustness of their ATE calculation. This
frees the user from having to consider the possible influence of every variable in the dataset
on the ATE of interest, addressing Challenge 2.

Of course, even before a causal graph can be built, one must extract the problem variables
from the textual log. Therefore, alongside our human-in-the-loop approach to causal graph
construction, we present the Log Converter, a pipeline transforming raw log inputs into a
tabular dataset appropriate for causal analysis. This dataset serves both as the input to our
human-in-the-loop modules and as the second input to Pearl’s model for ATE calculation
(alongside the graph itself). After parsing the logs, our pipeline uses large language models to
derive human-understandable variable tags, before distilling log information around the user’s
desired causal units and generating appropriate aggregated variables for every causal unit to
maximize empirical entropy. This approach to aggregation allows interesting observations to
cut through the noise of uninteresting log messages, combating Challenge 3.

Our framework can be an important tool for engineers managing complex systems.
Our human-in-the-loop approach may also work well in other domains, where data exhibit
challenges similar to those of logs. We will explore this direction in future work.
Overview of Related Work and Novelty. Large system debugging is an active research
area with serious commercial implications. However, we are the first to simultaneously tap
principled Pearl-style causality and the wealth of information present in text logs.

On the one hand, some works leverage causality but do not tap the ubiquitous textual
log data. ExplainIt! [107] draws inspiration from causal techniques to build a root cause
analysis engine over diverse time series, while Sage [73] uses modular causal graphs based
on telemetry data to localize failures in microservice architectures. CausalSim [11] leverages
causality to make the most out of existing tabular RCT data, avoiding further trials.

On the other hand, there are works that operate on logs but model causality informally at
best. Aggarwal et al. only model causality among the counts of error-level log messages [4],
while we consider the actual values embedded in them. Falcon [159] and Horus [160] use
simple temporal precedence as a proxy for causality, whereas we model causality using the
probabilistic Pearl model instead. Additional related work is discussed in Section 2.9.
Contributions. In summary, we make the following contributions:

• We propose a human-in-the-loop framework for efficiently applying causal inference to data
derived from logs.

• We introduce the Candidate Cause Ranker, a module for uncovering candidate causes using
curated data-driven suggestions.

• We present the Interactive Causal Graph Refiner, a module for refining causal graphs for
accurate calculation of an ATE.

• We describe the Log Converter, a data transformation pipeline from logs into a tabular
representation for causal inference.
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Figure 2.1: An example partial causal graph for Alex’s problem.

• We evaluate LOGos, an open-source implementation of our proposed framework [144] and
the first end-to-end system that can go from log files to ATEs, and find that:

– The average precision achieved by the Candidate Cause Ranker is 1.08×–1.66× higher
than Regression and 1.54×–18× higher than LangModel, while remaining interactive.

– The number of judgments required by the Interactive Causal Graph Refiner is 1.61×–2.50×
lower than Regression and 5.50×–16.83× lower than LangModel.

– The strategy used inside the Interactive Causal Graph Refiner outperforms alternatives,
tying the lowest ATE error after 10 of judgments while reducing latency by 9.28×.

– The Log Converter scales linearly with each of three measures of the complexity of a log:
length, distinct templates, and fraction of tokens that are variables.

In this chapter, we will provide some background and a motivating experiment (Section 2.2),
followed by an overview of our framework (Section 2.3). We will next describe our data
preparation pipeline (Section 2.4) and two human-in-the-loop modules (Sections 2.5–2.6),
and present and evaluate a prototype of our framework (Sections 2.7–2.8). We then discuss
related work (Section 2.9) and lessons learned (Section 2.10) before concluding (Section 2.11).

2.2 Problem Formulation
In this section, we will build towards our problem definitions more formally. We will introduce
some useful notions from causal inference (Section 2.2.1), describe a motivating experiment
(Section 2.2.2), and finally state the problems we target (Section 2.2.3).

2.2.1 Background on Causal Inference

We begin by introducing some notation and discussing elements of the conventional causal
inference framework developed by Pearl [172, 173].
Notation. We use uppercase letters to represent variables (e.g. V ) and lowercase letters
to denote their values (e.g. V = v). V → W indicates a directed edge from V to W . Bold
font denotes sets of variables, edges, or edge edits. Calligraphic font denotes causal graphs
(e.g. G). For directed graphs, we distinguish a path (where edges need not share the same
orientation) from a directed path.
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The ATE. Causal inference estimates the Average Treatment Effect (ATE) of a treatment
T on an outcome O over a population of causal units (e.g. PostgreSQL sessions). The
ATE may be distorted by confounding variables (or confounders) Z which influence both
T and O [172, 173]. For example, as shown in Figure 2.1, if Alex estimates the ATE of
max_parallel_workers on mean latency, a confounder may be work_mem: more working
memory can accelerate operations and reduce latency, but it may also mean a lower allowable
level of parallelism, in the interest of managing the total available memory in the system.

To avoid confounders, one can collect interventional data, where T no longer depends on Z
because it is externally assigned – e.g. through a randomized controlled trial (RCT). However,
RCTs can be expensive and time-consuming – for example, Alex would have to subject users
to randomly selected settings. Depending on the domain, RCTs may also be unethical or
completely infeasible. Thankfully, we can also compute the ATE over observational data,
such as the log data we focus on, as long as we adjust for the confounders :

Definition 2.1: ATE from Observational Data [172]

Given a treatment T , an outcome O, and a valid adjustment set Z,

ATE(T,O) = EZ [E [O|T = 1,Z = z]− E [O|T = 0,Z = z]]

For the ATE to be accurate, Z must be selected to correctly adjust for confounding bias. One
method for achieving this is the back-door criterion [172], which we will now build towards.
Causal Model. A causal model captures causal relationships among the problem variables.
These relationships can be arbitrary, but they are most often assumed to be linear [172, 208]:

Definition 2.2: Linear Causal Model

Given variables Vi for i = 1, ..., n, with associated sets of direct causes (parents) Pi and
error terms Ei, a linear causal model is a set of equations:

Vi = Ei +
∑
P∈Pi

λPP, λP ∈ R, i = 1, ..., n

Causal Graph. A causal model can be visualized as a causal graph [171], like Figure 2.1:
a directed acyclic graph (DAG) with one node per variable, where a directed edge Vi → Vj

implies Vi ∈ Pj. In this context, we may use “variable” to refer to the corresponding node in
the causal graph, and we can further define:

Definition 2.3: Ancestors and Descendants

Each ancestor W of Vi has a directed path to Vi (W ∈ An(Vi)). Similarly, Vi has a
directed path to each W among its descendants (W ∈ De(Vi)).

Definition 2.4: T -Backdoor Path

A path p between T and O is a T -backdoor path if some directed edge on p has T as
its destination.
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Path Blocking and the Back-Door Criterion. A valid adjustment set is one that
eliminates all sources of “indirect” causal influence, formalized using path blocking :

Definition 2.5: Path Blocking [172]

Path p is blocked by nodes B if and only if:

1. p has a chain i→ m→ j or fork i← m→ j s.t. m ∈ B; or

2. p has a collider i→ m← j s.t. ({m} ∪De(m)) ∩B = ∅.

Definition 2.6: Back-Door Criterion [172]

A set Z satisfies the backdoor criterion relative to variables (T , O) in a DAG G if:

(i) Z ∩De(T ) = ∅; and

(ii) Z blocks every T -backdoor path between T and O.

In this case, Z is a sufficient adjustment set for ATE(T,O).

2.2.2 How Existing Causal Discovery Approaches Fall Short

We will next show why existing approaches to causal discovery are ill-suited for our use case.
The PostgreSQL Dataset. This 20 MB dataset, presented fully in Section 2.8.1.4,
mimics Alex’s predicament. It includes collated logs from 96 workload runs of queries from
the TPC-DS benchmark [179], issued against PostgreSQL. Before each run, we modified
6 PostgreSQL configuration knobs, each of which has a known impact on query latency.
We selected the combinations of knob settings to introduce confounding between work_mem
and max_parallel_workers. This is a small representative example of a broader class of
confounding related to resource sharing that can come up often in the real world, albeit
with much larger volumes of data. Using the Log Converter, we converted this log dataset
into a tabular format with 172 variables. We then attempted to derive a causal graph over
these variables. A useful causal graph would, at a minimum, capture the hand-
constructed structure shown in Figure 2.1: work_mem and max_parallel_workers
each affect query latency and they confound each other’s effect.
Causal Discovery. We tested 29 combinations of causal discovery algorithms and configura-
tion parameters from CausalLearn [266] on the PostgreSQL dataset. Per Table 2.1, 16
produced errors, 6 timed out, and 2 only produced an empty graph. Of the rest:

• PC-chisq/FCI-chisq: The variable for query latency was absent from the produced graph.

• GRaSP-BDeu/GES-BDeu: One 5-node connected component included the variable captur-
ing query latency and no configuration-related variables. A different 4-node connected
component included the variables for work_mem and max_parallel_workers.

• GRaSP-CV_general: The graph showed query latency as causing work_mem, while the
variable for max_parallel_workers was absent.
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Table 2.1: Performance of existing causal discovery algorithms on the PostgreSQL dataset.
✓ and ● indicate a non-empty and empty causal graph, respectively; ▲ indicates a 30-minute
timeout; and ✗ indicates an error.

Alg. Independence Result Alg. Scoring Function Result
Test / Method

PC [207] fisherz ✗ GIN [238] kci ▲

mv_fisherz ✗ hsic ▲

mc_fisherz ✗ GRaSP [121] CV_general ✓

kci ▲ marginal_general ✗

chisq ✓ CV_multi ✗

gsq ● marginal_multi ✗

d_separation ✗ BIC ✗

FCI [208] fisherz ✗ BDeu ✓

kci ▲ GES [46] CV_general ▲

chisq ✓ marginal_general ✗

gsq ● CV_multi ▲

LiNGAM [198]
✗

marginal_multi ✗

BIC ✗

Exact dp [199] ✗ BIC_from_cov ✗

astar [251] ✗ BDeu ✓

Analysis. The three challenges of log data from Section 2.1 directly lead to these failures:

1. Functional Dependencies → Violated Assumptions: Many of the 16 errors produced
relate to violated assumptions, most notably due to a singular correlation matrix among the
variables, which leads to errors for some conditional independence tests. This singularity is
an expression of the functional dependencies in log data. While such dependencies could be
automatically eliminated, this could unintentionally eliminate variables crucial to system
understanding in favor of less interpretable alternatives. For example, in PostgreSQL,
removing all the variables associated with the configuration knobs from the causal graph,
because the session ID is sufficient to determine them, would clearly be unhelpful for Alex.

2. Large Number of Variables → Prohibitive Running Time: Even when the assump-
tions are met, deriving a full causal graph can be time-consuming; many of the algorithms
offer exponential complexity, and log-derived datasets can contain hundreds to thousands
of variables. When diagnosing a production problem, such scaling is unacceptable.

3. Biased Data Collection → Non-Actionable Graphs: Even when the algorithm
finishes quickly, the resulting graph may not cover all variables of interest. As seen above,
no algorithm places query latency, work_mem, and max_parallel_workers in the same
connected component, with some not even including all of these variables in the graph.
This is because causal discovery algorithms capture the causal relationships most salient
in the data, but the biased logging may mean that these relationships are not the ones
most interesting to the user, for which there may be only weaker evidence.
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2.2.3 Problem Definitions

As seen in Section 2.2.2, fully automatic causal discovery algorithms fall short when applied
to log-derived data. At the same time, although the user could fully specify the causal graph
Greal, this would be impractical for large V as it would require O(|V|2) causal judgments :

Definition 2.7: Judgment

A user judgment for (A,B) outputs whether the causal graph should include A → B,
A← B, or neither.

However, many of the judgments produced in such an exhaustive pass would neither help
discover the root cause T of a variable of interest O, nor significantly impact the value of
ATE(T,O) once T is specified. The latter is true because many edges would be entirely
irrelevant when assessing the backdoor criterion (Definition 2.6).

This observation reveals a path to reducing the work required by the user, bridging
manual graph construction and automatic causal discovery: using the log data to solicit user
judgments in the most impactful order. Ensuring a high-quality ordering directly translates
to reduced user effort for a given target downstream quality.

Given this approach, we present the two problems targeted by our work, each addressed
by one of our framework’s human-in-the-loop modules:

Problem 2.8: Candidate Cause Ranking

Let O be a variable of interest. Rank highly relevant candidate causes for O based on
the available observations and solicit user judgments in this order, aiming to maximize
average precision (AP), defined as:

AP =

∑ranking_length
i=1 PrecisionAmongTop(i) · IsPositive(i)

# Ground Truth Positive Elements

Problem 2.9: Interactive Causal Graph Refinement

From an initial causal graph Ginit, minimize the number of user judgment solicitations
needed to converge to the ground truth value of an ATE of interest, ATE(T,O).

2.3 Overview of LOGos

We now present our framework, illustrated in Figure 2.2. Input logs are transformed by
the Log Converter into a tabular dataset, from which the Candidate Cause Ranker and the
Interactive Causal Graph Refiner help derive a partial causal graph with a human in the loop.
The tabular dataset and the causal graph can then be used to answer ATE queries.

Diving deeper, our human-in-the-loop modules both operate on a tabular dataset D.
Although deriving some tabular dataset from the log can be easily achieved using a log
parsing algorithm [89, 258, 274], there are two usability issues not covered by this approach:
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Figure 2.2: An architectural overview of our framework.

• Opaque Variables: Most log parsing algorithms identify variables but do not assign
them meaningful names, which users need in order to reason about them interactively.

• Per-Message Granularity: Log parsing creates a record per log message, but users
are interested in questions about larger units: sessions, machines, etc.

The Log Converter (Section 2.4) provides a data preparation pipeline that addresses these
issues. It utilizes large language models to derive meaningful tags for each log-derived variable,
provides the ability to aggregate log information over meaningful causal units, and computes
entropy-maximizing aggregates of each variable. The resulting dataset D serves both as the
input to our human-in-the-loop modules and as the second input to Pearl’s model for ATE
calculation alongside the causal graph.

The Candidate Cause Ranker (Section 2.5) then operates on the tabular dataset D to help
address Problem 2.8. The user can invoke the Candidate Cause Ranker on a variable E, which
we will refer to as the effect variable, yielding a ranked list of candidate causes. By producing
a judgment for each of these causes Ci, the user can optionally add the corresponding edge
Ci → E to the causal graph. The user can then apply this process recursively by first invoking
Candidate Cause Ranker on O, then on one of the Ci for which Ci → O was added to the
graph, and so forth, until a satisfactory root cause T is discovered and the user can pose
their ATE query of interest: ATE(T,O).

However, the user has so far only unveiled one directed path from T to O, which means that
computing ATE(T,O) may be erroneous. Per Section 2.2, correctly computing ATE(T,O)
from an observational dataset like D requires a valid adjustment set, which can be derived from
a causal graph using the backdoor criterion. But to apply the backdoor criterion correctly,
one must have access to a sufficiently refined graph, which includes all the T -backdoor paths
between T and O. The Interactive Causal Graph Refiner (Section 2.6) helps construct this
refined graph efficiently. It finds impactful adjustment set edits and transforms them to sets
of causal graph edits, soliciting the corresponding judgments from the user. This helps the
user progressively narrow the possible range of values for ATE(T,O).
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2.4 Log Converter

The two human-in-the-loop modules operate on a tabular dataset D. We will begin by
describing the pipeline that transforms a log into such a dataset efficiently. This dataset also
serves as the second input to Pearl’s model for ATE calculation (alongside the causal graph
built using the interactive modules of LOGos).

2.4.1 Log Parsing

Text logs must first be parsed into a table of variable observations:

Definition 2.10: Parsed Table

The parsed table has a row per log message and a column per log-derived parsed variable.

To generate the parsed table, we go through five steps:

1. Users can specify a log message prefix (e.g., a timestamp regular expression), to collate
multi-line log messages, when present.

2. Users can pass zero or more regular expressions to parse formatted variables (e.g., IDs)
from each log message, ensuring consistent parsing across different log templates.

3. An off-the-shelf parsing algorithm [89, 258, 274] extracts the rest of the parsed variables
from their log templates. Any “classical” [66, 90, 91, 100] or learning-based [22, 53,
58, 132, 152, 158, 210, 237] log parsing algorithm is acceptable, as long as it leads to
a parsed table that conforms with Definition 2.10. At times, log parsing algorithms
may incorrectly map semantically different variables to the same parsed variable – our
implementation provides functionality for the user to correct this, if needed.

4. We also add a binary indicator variable per log template, which takes the value 1 only
for rows that match the template.

5. Some parsed variables are uninteresting for causal inference – e.g. identifiers. We
discard any categorical parsed variable where the number of distinct values exceeds
15% of the variable’s occurrences, similar to past work [241].

2.4.2 Variable Tagging

For users to reason about parsed variables, the variables must have human-understandable
names. We will call these names tags. For variables parsed using a regular expression, the
user provides a tag together with the regular expression. For each of the remaining parsed
variables, we consult three sources to generate a tag:

1. The three tokens preceding the variable in the log template, if the variable is preceded
by ‘:’ or ‘=’ (possibly with an interspersed opening quote).

37



2. GPT-3.5-Turbo (gpt-3.5-turbo-1106) [164], providing (a) an example message where
the variable appears, (b) the 3 tokens that precede the variable, and (c) 4 additional
example values for the variable from other log messages of the same template. While
our prompt (available online [144]) delivers acceptable results, we acknowledge that the
prompting technique and/or model can affect output quality [113, 114, 128, 129]. Fully
exploring this problem is not a focus of our work.

3. GPT-4 (gpt-4-0613) [162], using the same prompt as above.

As soon as one source produces a tag, we move on to the next parsed variable. If no
source produces a tag, we assign a unique string of symbols. Users can later edit these tags
manually. Sometimes, distinct parsed variables may be assigned the same tag – e.g., several
may be called “port”, from different contexts. We use the tag only for the first parsed variable
to obtain it and use a unique system-generated variable name for the rest.

2.4.3 Causal Unit Definition

The rows of the parsed table, one per log message, are not ideal for causal inference. We
instead need a row per “data point” as defined for the question at hand (e.g. per session).
We achieve this by bundling groups of log messages together into causal units.

Since the right choice of causal unit inherently depends on the question the user is
interested in, we defer to them for a causal unit definition. Such a definition consists
of a parsed variable W , on the value of which the units will be based, and optionally a
discretization function (e.g., a binning function) if W is continuous.

However, not every choice of causal unit is permissible, because Definition 2.1 requires the
Stable Unit Treatment Value Assumption (SUTVA) [182]: the outcome of each unit should
not depend on the treatments of other units. For example, processes may be unsuitable
causal units if they share hardware: process A’s work could impact process B’s latency. We
defer to the user’s knowledge of the system to ensure that this condition is satisfied.

2.4.4 Aggregation

There can be a varying number of values for each parsed variable in each causal unit. For
example, if Alex defines a causal unit per session, the number of query latency readings for
each session varies. To make causal units comparable, we must replace varying-size sets of
values with the same value(s) per causal unit :

Definition 2.11: Prepared Table

The prepared table includes one row per causal unit and one column per prepared variable.

Each prepared variable is derived from some parsed variable, its base variable, by using an
aggregation function (e.g. the mean) to reconcile the values within each causal unit. If the
user is confident that a certain aggregation function is best for a particular parsed variable,
they can explicitly specify it. Otherwise, one cannot automatically find the most useful
aggregation function for each parsed variable a priori, since the downstream ATE question is
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not yet known. Even if it were, optimizing for it could lead to overfitting, generating variables
that would be less informative for adjacent questions the user may later pose. We therefore
approximate this objective by trying to maximize the information captured by each prepared
variable. We achieve this in two steps.

First, we compute multiple aggregates of each parsed variable W ∈W, based on its type.
For numerical variables, we consider AW = [max,min,mean]. For categorical variables, we
consider AW = [first, last,mode], where first(W ) and last(W ) return the value of W that
appeared earliest or latest within each causal unit, respectively. When calculating these
functions, we ignore all missing values in their inputs.

Then, for a parsed variable W , we let R(W,a) be the range of a(W ), a ∈ AW . Among the
prepared variables with W as their base variable, we keep the one that maximizes empirical
entropy; that is, we keep the one resulting from a∗W (W ), a∗W ∈ AW , where:

a∗W = argmax
a∈AW

∑
x∈R(W,a)

−p(x)log2(p(x))

We finally one-hot encode any categorical variables in this set.

2.4.5 Imputation

In each causal unit, there may be parsed variables with no observations. Ignoring causal
units with missing values can result in selection bias. Luckily, imputing missing values in the
prepared table is often possible, since the missing values are interpretable. We can impute
a default based on domain knowledge, which is easy to tap now that log information is
organized along causal units. Since the default may differ per prepared variable, we let the
user specify it if they so wish, performing no imputation by default.

2.4.6 Computational Complexity

Log Parsing. Depends on the chosen existing parsing algorithm.
Variable Tagging. For tagging, we require O(M) time and O(|W|) space for the metadata
fed into the GPT prompts, where M is the number of log messages and W is the set of parsed
variables. Depending on the choice of log parsing algorithm, this information can also be
collected during parsing. We then require an additional O(|W|) time and up to 2|W| GPT
calls to compute the tags, which take O(|W|) space to store. Since tagging is a per-variable
operation, linear complexity is optimal for this problem.
Causal Unit Definition. Defining causal units takes O(1) time.
Aggregation. Aggregation takes O(|C||W|Tmax) time, where C is the set of causal units, W
is the set of parsed variables and Tmax is the dominant time complexity among the aggregation
functions. Among the defaults, mode dominates with O(|C|log|C|) for a causal unit C ∈ C
with |C| elements. The time complexity of one-hot encoding is O(|C||Wcat|), where Wcat is
the set of categorical parsed variables.
Imputation. Imputation with fixed values takes O(|C||W|) time.
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Algorithm 2.1 Rank candidate causes for an effect variable E.
Inputs: Dataset D, effect variable E
Outputs: A ranked list of candidate causes for E.
1: function ExploreCandidateCauses(D, E)
2: X ← D \ E
3: X, scale ← StandardScaleColumns(X)
4: coefs ← LASSO(X, E)
5: unscaled_coefs ← Unscale(coefs, scale)
6: res = ∅
7: for V ∈ X do
8: if unscaled_coefs(V ) ̸= 0 then
9: slope, p_value ← OLSLinearRegression(V , E)

10: res← res ∪ {V, slope, p_value}
11: return SortAscending(res, by=p_value)

2.5 Candidate Cause Ranker

The Candidate Cause Ranker helps discover a directed path from a sufficiently informative
root cause T to the outcome variable of interest O “backwards”, letting the user eventually
specify the causal question they want to answer quantitatively – the ATE(T,O).

2.5.1 Pruning and Ranking Candidate Causes

While using this module, the user will need to make judgments based on the returned ranking,
so we need the ranking to be high-relevance. We achieve this through edge pruning. The
guiding principle is as follows: the user’s knowledge of the system is invaluable for distinguish-
ing which quantitative relationships between pairs of variables are indeed manifestations of
system-related causal mechanisms, as opposed to spurious correlations; however, the absence
of a quantitative relationship can be a reliable indicator that a causal relationship does not
exist, as long as the dataset is fairly representative of practical cases [107, 172].

In particular, note from Definition 2.2 that each variable is linearly related to its parents,
up to its own error term. As such, if we run a multivariate regression of variable E on the
remaining variables, and some variable V gets assigned a zero coefficient, we can disregard
V → E: V does not impact E with its fluctuations, given the other variables. If we
further assume that the causal graph is sparse, a common assumption in causal discovery
literature [49, 207], we can prune more edges by using a sparse regression algorithm. This
will drive very small coefficients, likely artifacts of data availability rather than indicators of
causality, to zero. This process requires no user input and typically prunes the vast majority
of edges, since most variables are pairwise unrelated.

Concretely, we use LASSO [215], as presented in Algorithm 2.1. First, we normalize all
variables except E by subtracting the mean and scaling by the standard deviation (lines 2–3)
and apply LASSO to predict E (line 4) before undoing the normalization (line 5). We only
perform further work for each variable V selected by LASSO (lines 7–8). In particular, we
apply an ordinary least-squares (OLS) linear regression to each candidate causal relationship,
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Algorithm 2.2 Compute allowed one-step causal graph edits.
Inputs: Causal graph G, set of fixed edges F, set of banned edges B
Outputs: A set S of causal graph edits.
1: function OneStepEdits(G, F, B)
2: S← ∅
3: for (V,W ) ∈ V ×V do
4: if (V → W ) ∈ G and (V →W ) /∈ F then
5: S← S ∪ {(V → W,Remove)}
6: else if (V → W ) /∈ G and (V → W ) /∈ B then
7: if (W → V ) /∈ G then
8: S← S ∪ {(V → W,Add)}
9: else if (W → V ) ∈ G and (W → V ) /∈ F then

10: S← S ∪ {(W → V,Flip)}
11: return S

recording the slope and p-value (lines 6, 9–10). The results are sorted by increasing p-value
(line 11), placing the candidates with the most reliable relationships to E (lowest p-value) at
the top. The user can then inspect each returned candidate V and decide whether to add
V → E to the causal graph. By iteratively calling ExploreCandidateCauses(E), the
user can arrive at a satisfactory “root cause” variable T .

2.5.2 Computational Complexity

The complexity of Algorithm 2.1 is derived from those of LASSO [215] and ordinary least
squares linear regression. If the threshold for convergence of the objective function is σ, a
LASSO solution can be found in O(|D||V|σ−1/2) [29, 265], where |D| is the number of data
points and V is the set of variables. Each regression requires O(|D||V|2 + |V|3) time, so the
overall complexity is O(|D||V|σ−1/2 +m|D||V|2 +m|V|3), if LASSO finds m candidates.

2.6 Interactive Causal Graph Refiner

Having found which ATE to calculate (ATE(T,O)), we next focus on calculating it correctly
with respect to the underlying causal dynamics of the system at hand. This is the purpose of
the Interactive Causal Graph Refiner, which solicits a sequence of additional causal judgments
from the user. Doing so efficiently is important in order to minimize the required number of
human interactions before the ATE can be accurately calculated.

2.6.1 Preliminary Strategies

To motivate the actual approach taken by the Interactive Causal Graph Refiner, we will
briefly introduce two preliminary strategies and discuss their advantages and disadvantages.
Section 2.8.4 also compares these strategies quantitatively. Both of these preliminary strategies
make use of an auxiliary algorithm, OneStepEdits (Algorithm 2.2), which exhaustively
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Algorithm 2.3 Solicit a judgment based on the most impactful single-edge graph edit.
Inputs: Causal graph G, dataset D, treatment variable T , outcome variable O, set of fixed

edges F, set of banned edges B
Outputs: A causal graph edit s about which to solicit a user judgment.
1: function SingleEdit(G, D, T , O, F, B)
2: ate ← ATE(G, D, T , O)
3: S← OneStepEdits(G,F,B)
4: M ← ∅
5: for s ∈ S do
6: G ′ ← ApplyEdits(G, {s})
7: ate′ ← ATE(G ′, D, T , O)
8: M [s]← |ate′ − ate|
9: return argmaxs∈M M [s]

collects the set of allowed single-edge causal graph edits. It operates on a causal graph G, a
set of fixed edges F (which should not be removed from the graph) and a set of banned edges
B (which should not be added to the graph). For each node pair in G, (V,W ) ∈ V ×V:

1. If V → W is part of G and not fixed, collect an edge edit that removes it (lines 4–5).

2. If V → W is not part of G and not banned (line 6), only collect an edge edit that adds
it if permitted by the status of its inverse edge W → V (lines 7–10).

2.6.1.1 Preliminary Strategy 1: Single Edge Edit

The first strategy, called SingleEdit, is listed in Algorithm 2.3. It is a simple greedy wrapper
over OneStepEdits: it finds the single-edge causal graph edit which, when applied to the
input graph G, will result in the maximum absolute change in ATE(T,O). In particular, it
calculates the initial ATE of T on O using G (line 2) and then calculates the absolute ATE
impact of each edit collected by OneStepEdits (lines 3–8). It then returns the edit with
the maximum absolute impact (line 9), about which the user is asked to provide a judgment.

SingleEdit is straightforward, but it runs the risk of getting stuck in local minima. For
example, there are cases where adding two edges would have affected the ATE of interest by
creating a new path in the causal graph, but no single edge edit can affect the ATE. Since
SingleEdit maximizes the ATE impact of an individual edge edit at a time, it will overlook
such cases. This motivates our next preliminary strategy.

2.6.1.2 Preliminary Strategy 2: Exploring Edge Edits with the A* Algorithm

The next preliminary strategy, HeuristicEdit, changes the way suggested edits are scored,
by relying on the A* heuristic search algorithm [85] to identify edges that may be “lower-
impact” individually, but which lie along a promising “edit path”. Heuristic searches have
traditionally been a critical tool to tackle computationally hard problems; for example,
simulated annealing for the traveling salesperson problem [1] or evolutionary algorithms for
feature selection [2].
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Algorithm 2.4 Solicit a judgment based on heuristic search scoring.
Inputs: Causal graph G, dataset D, treatment variable T , outcome variable O, set of fixed

edges F, set of banned edges B
Configuration: Computational budget b, number of top graphs to consider k, number of

edges to return m
State: A cache of edits on which to solicit judgments next, cache.
Outputs: A causal graph edit s about which to solicit a user judgment.
1: function HeuristicEdit(G, D, T , O, F, B)
2: if cache = ∅ then
3: frontier ← min-PriorityQueue
4: frontier.Push(G, 0)
5: predecessor_and_edge← ∅
6: visited← ∅
7: seen← ∅
8: while frontier ̸= ∅ and |visited| < b do
9: G ′ ← frontier.Pop()

10: if G ′ ∈ visited then
11: continue
12: S← {s | s ∈ OneStepEdits(G ′,F,B) ∧ (s.type ̸= Flip)}
13: for s ∈ S do
14: G ′′ ← ApplyEdits(G ′, {s})
15: score← Φ(G)− Φ(G ′′)
16: predecessor_and_edge[G ′′]← (G ′, s)
17: frontier.Push(G ′′, score+ h(G ′′))
18: seen← seen ∪ {G ′′}
19: visited← visited ∪ {G ′}
20: seen← seen ∪ {G ′}
21: top_phi_graphs← Top

H∈seen

(
Φ[H], k

)
22: counts← ∅
23: for H ∈ top_phi_graphs do
24: H′ ← H
25: while H′ ̸= G do
26: (P , s)← predecessor_and_edge[H′]
27: counts[s]← counts[s] + 1 if s ∈ counts else 1
28: H′ ← P
29: cache← Top

s∈Keys(counts)

(
counts[s],m

)
30: s← PopHead(cache)
31: return s
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We begin by defining Γ as a meta-graph of causal graphs. Each node in Γ is a causal
graph over the variables in V that respects the fixed list F and the banned list B. Each pair
of nodes Gm,Gn ∈ Γ is either nonadjacent or connected by two oppositely directed edges. If
they exist, these meta-graph edges imply that there is a pair of variables (V,W ) ∈ V ×V
such that Gm and Gn only differ by V → W . Each directed edge in the meta-graph Γ has a
type, consisting of a causal graph edge and an operation. For example, if (V → W ) /∈ Gm
and (V → W ) ∈ Gn, then the meta-graph edge Gm → Gn has type (V → W,Add), while
Gm ← Gn has type (V → W,Remove).

Our algorithm starts from the input causal graph G and explores the meta-graph Γ
towards the causal graph G⋆ that maximizes the potential function:

Φ(H) = |ATE(H,D, T, O)−ATE(G,D, T, O)|+ γ ·Quality(H)

The function Quality uses heuristic measures of the candidate causal graph, such as sparsity,
to regularize the search. In our current implementation, we use the closeness of the sparsity
to a tree. γ decides the strength of the regularization. In principle, the potential function can
be further elaborated to take into account the quality of the model’s fit to the data or other
similar confidence measures. Let G⋆ = argmaxH∈Γ Φ(H), but note that G⋆ is not known.

In Γ, the weight of an edge w(Gm → Gn) is defined as Φ(Gm)−Φ(Gn). This way, minimizing
the cost of a path corresponds to maximizing the potential of the frontier node of the path
(by telescoping). During a search starting from G, when the frontier of the search path is
G ′, A∗ requires an estimate h(G ′′) of the cost of the remaining path from G ′′ to G⋆ for each
neighbor G ′′ of G ′, in order to decide which neighbor to explore next. To ensure that the
heuristic strategy is admissible [85], let h(G ′′) = 2(Φ(G ′′)−

∑
G∈Γ Φ(G)). Since the remaining

path cost is Φ(G ′′)− Φ(G⋆), h(·) does not overestimate its value.
As Algorithm 2.4 shows, we set a computational budget b and run A* over Γ for b steps

(lines 3–20); that is, we expand b nodes of the meta-graph. At the end, the algorithm takes
the k explored graphs with the greatest potentials (line 21) and examines the paths from the
initial graph G to these k candidates. We count the number of each type of search graph edge
encountered (lines 22–28) and cache the m most common types to return as the suggested
causal graph edits to the user, one at a time (lines 2, 29–31). Only after the user has issued
the corresponding m judgments is HeuristicEdit invoked again to replenish the list of
suggested causal graph edits.

The HeuristicEdit strategy showcases one way of avoiding local minima: exploring
“farther away” from the starting graph in order to score the impact of each individual edge
edit. However, the heuristic search in HeuristicEdit can incur a significant computational
cost for large variable sets.

2.6.2 Adopted Strategy: Adjustment Set Edit

Our final adopted strategy instead works over the space of possible single-variable adjustment
set edits, which is linear in |V|. The intuition here is to take a similar approach as SingleEdit
but apply it to the adjustment set instead of the graph edges. Namely, this strategy tries to
identify the single most impactful adjustment set edit instead of the single most impactful
edge edit, in terms of producing a large absolute ATE difference.
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Algorithm 2.5 Return the next judgment to be solicited, based on the adjustment set edit
that would impact ATE(T,O) maximally.
Inputs: Causal graph G, dataset D, treatment variable T , outcome variable O, set of fixed

edges F, set of banned edges B
State: A cache of edits for which to solicit judgments next, a graph Gnext that would result if

the most recent user judgment agreed with the graph edit based on which it was solicited.
Outputs: A causal graph edit s about which to solicit a user judgment.
1: function SolicitJudgment(G, D, T , O, F, B)
2: if cache = ∅ or G ̸= Gnext then
3: ate ← ATE(G, D, T , O)
4: base_adj_set ← AdjSet(G, T , O)
5: best_edits ← ∅
6: best_ate_impact ← 0
7: for V ∈ (Nodes(G) \ {T,O}) do
8: S← ∅
9: if V ∈ base_adj_set then

10: S← MapRemoval(G, D, T , O, F, B, V )
11: else
12: S← MapAddition(G, D, T , O, F, B, V )
13: G ′ ← ApplyEdits(G, S)
14: ate′ ← ATE(G ′, D, T , O)
15: ate_impact← |ate′ − ate|
16: if ate_impact > best_ate_impact then
17: best_edits← S
18: best_ate_impact← ate_impact
19: cache← best_edits
20: s← PopHead(cache)
21: Gnext ← ApplyEdits(G, {s})
22: return s

The next judgment to be solicited from the user is provided by SolicitJudgment
(Algorithm 2.5). It maintains two pieces of state: cache contains cached suggested edits from
previous invocations, and Gnext contains the causal graph that would result if the most recent
user judgment agreed with the most recent suggested edit. Unlike the edits produced by
HeuristicEdit, the set of edits produced by AdjSetEdit only makes sense as a collection;
therefore, we only use the cache for as long as the user’s judgments agree with the suggested
edits (line 2). If the user disagrees (e.g. we suggest removing Vi → Vj , but the user keeps this
edge in the causal graph and fixes it), we discard the cache and re-run the algorithmic core.

In that case, the algorithm calculates the ATE(T,O) given G and D and finds a valid
adjustment set using existing algorithms [214] (lines 3–4). It then considers each variable
in D except T and O (line 7) and calls MapRemoval (Section 2.6.2.1) or MapAddition
(Section 2.6.2.2) to find edge edits that would change that variable’s adjustment set mem-
bership (lines 8–12). Next, it applies these edits to a copy of G, and calculates the resulting
ATE(T,O) and the associated ATE impact (lines 13–15). It keeps track of the edits that
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Algorithm 2.6 Suggest causal graph edits to remove a variable from the adjustment set.
Inputs: Causal graph G, dataset D, treatment variable T , outcome variable O, set of fixed

edges F, set of banned edges B, variable to remove from the adjustment set V
Outputs: A set S of causal graph edits.
1: function MapRemoval(G, D, T , O, F, B, V )
2: S ← ∅
3: if V ∈ An(T ) then
4: S, success ← BreakPaths(G, F, {V }, T )
5: if not success then
6: return ∅
7: T ← De(T ) ∪ {T}
8: T ← SortAscending(T, by= DirPathLengthFrom(T ))
9: for W ∈ T do

10: if (W → V ) /∈ B then
11: if (V → W ) ̸∈ G then
12: S← S∪ (W → V , Add)
13: else
14: S← S∪ (V →W , Flip)
15: return S
16: return ∅

produce the maximum ATE impact and caches them (lines 5–6, 16–19). At this point a valid
cache exists, so the algorithm removes its first element and computes the resulting graph, if
the edit is applied (lines 20–21). The edit is then returned for the user to judge (line 22).

The algorithmically hardest part is deriving a set of causal graph edits that corresponds to
the desired effect on the adjustment set – i.e. the functionality implemented by MapRemoval
and MapAddition. In general, multiple such sets may exist that achieve the same effect –
e.g. removing a certain variable from the adjustment set. We present one possible approach
to finding such a set, based on Definition 2.6.

2.6.2.1 The MapRemoval Algorithm

MapRemoval (Algorithm 2.6) finds a set of edge edits that removes V from the adjustment
set. It achieves this by making V a descendant of T , which means that V would violate the
first condition of Definition 2.6 if it remained part of the adjustment set. There are two cases:

1. V ̸∈ An(T ). V can be easily made a descendant of T by adding a directed edge from
T or one of its descendants (lines 7–15). We prioritize suggesting the option that
minimizes the directed distance from T (lines 8–9) while not being banned (line 10).

2. V ∈ An(T ). In this case, making V a descendant of T would create a cycle. To
fix this, we must first remove V from An(T ) by calling BreakPaths (explained in
Section 2.6.2.3) to find edits breaking all directed paths from V to T (lines 3–4). If
BreakPaths cannot find such edits, MapRemoval returns, since we cannot include
V in De(T ) without creating a cycle (lines 5–6).
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Algorithm 2.7 Suggest causal graph edits to include a variable in the adjustment set.
Inputs: Causal graph G, dataset D, treatment variable T , outcome variable O, set of fixed

edges F, set of banned edges B, variable to add to the adjustment set V
Outputs: A set S of causal graph edits.
1: function MapAddition(G, D, T , O, F, B, V )
2: S ← ∅
3: if V ∈ De(T ) or V ∈ De(O) then
4: S, success ← BreakPaths(G, F, {T , O}, V )
5: if not success then
6: return ∅
7: S← S∪ {(V → T , Add), (V → O, Add)}
8: return S

2.6.2.2 The MapAddition Algorithm

MapAddition (Algorithm 2.7) finds a set of edge edits that ensures that V is included in
the adjustment set. It achieves this by creating a new path T ← V → O, which must be
blocked in order to satisfy the second condition of Definition 2.6 and can only be blocked by
including V in the adjustment set. There are, again, two cases:

1. V ̸∈ (De(T ) ∪De(O)). We can directly create the path described above by adding
edges V → T and V → O (lines 7–8).

2. V ∈ (De(T ) ∪De(O)). We first call BreakPaths to break these descendant relation-
ships, if possible (lines 3–4), returning early if not (lines 5–6).

2.6.2.3 The BreakPaths Algorithm

Both MapRemoval and MapAddition may require identifying a set of graph edits that
breaks each directed path in a set of directed paths. One such set is a minimum cut in
the subgraph consisting only of these paths, discoverable in time O(|V|2|E|) using Dinitz’s
algorithm [64]. However, since we do not need the set to be minimal, we present a more
efficient algorithm, shown in Algorithm 2.8.

In particular, we start by identifying the subgraph Gfiltered, consisting only of directed
paths from any of the nodes in sources to sink. We detect all the nodes that are both
reachable from the sources and can reach sink, and remove all other nodes (and their
incident edges) from G (lines 2–5). We then apply a variant of breadth-first search: we
initialize a queue and visited list based on sources (lines 7–8) and start processing elements
from the queue until it is empty (lines 9–10). For each processed element, we attempt to
remove all directed edges to its children, if they are not fixed (lines 6, 13–15). If some edge
among them is indeed fixed, we defer the breaking of that path by adding its children to
the queue (lines 16–18). If we reach the sink node, it means that some directed path only
contained fixed edges, so breaking it is infeasible; we therefore return an empty set of edits
and a boolean False value (lines 11–12). Otherwise, once the queue is empty, we return the
identified edits and a True value (line 19).
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Algorithm 2.8 Break each directed path from one of the sources to the sink.
Inputs: Causal graph G, set of fixed edges F, set of source nodes sources, sink node sink
Outputs: A set S of causal graph edits.
1: function BreakPaths(G, F, sources, sink)
2: reachable_from_sources← BFS(G, from=sources)
3: sink_reachable_from← BFS(ReverseGraph(G), from=sink)
4: nodes_to_keep← reachable_from_sources ∩ sink_reachable_from
5: Gfiltered ← RemoveNodes(G, Nodes(G) - nodes_to_keep)
6: S ← ∅
7: queue← sources
8: visited← sources
9: while queue ̸= ∅ do

10: V ← Dequeue(queue)
11: if V = sink then
12: return ∅, False
13: for W ∈ Children(Gfiltered, V ) do
14: if (V → W ) ̸∈ F then
15: S← S ∪ {V →W,Remove}
16: else if W ̸∈ visited then
17: visited← visited ∪ {W}
18: Enqueue(queue,W )
19: return S, True

2.6.3 Computational Complexity

When not using the cache, SolicitJudgment loops over O(|V|) variables, calling MapRe-
moval or MapAddition in each iteration. Each of those algorithms calls BreakPaths,
which involves three breadth-first searches (lines 2–3 and 7–18) of complexity O(|V|+ |E|) =
O(|V|2). MapRemoval also includes a sort by distance, also implementable using a breadth-
first search in O(|V|2), and a loop of complexity O(|V|). Each of MapRemoval and
MapAddition therefore has complexity O(|V|2). SolicitJudgment then calls ATE,
which involves a linear regression with O(|D||V|2 + |V|3). The full complexity of Solicit-
Judgment is then O(|D||V|3 + |V|4).

2.7 Prototype System: LOGos

We implemented our framework in LOGos, using ∼ 2,850 lines of Python [144]. An earlier
prototype was presented as Sawmill [145], but we revised the name because of a name clash
with a different product [105]. For log parsing, we used Drain [91], based on an implementation
by the authors of LogBERT [80]. Drain uses a fixed-depth parse tree in an online streaming
manner that requires a single pass over the log. For variable pruning, we used LASSO from
scikit-learn [174]. For estimating ATEs in GetATE, we used “backdoor.linear_regression”
from DoWhy [31, 195], an open-source Python library that simplifies the statistical tasks
involved in estimating causal effects, given the data and an associated causal graph.
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2.8 Evaluation
After presenting our evaluation setup (Section 2.8.1), we evaluate four claims about our
framework as implemented in LOGos:

• LOGos’s Candidate Cause Ranker ranks the ground truth root causes higher than the
baselines while remaining interactive, addressing Problem 2.8 (Section 2.8.2).

• LOGos’s Interactive Causal Graph Refiner quickly leads the user to a graph on which
ATE(T,O) matches the ground truth, addressing Problem 2.9 (Section 2.8.3).

• LOGos’s adopted strategy for soliciting user judgments in the Interactive Causal Graph
Refiner, as presented in Section 2.6.2, outperforms the preliminary strategies presented
in Section 2.6.1 (Section 2.8.4).

• The Log Converter scales gracefully (Section 2.8.5).

2.8.1 Evaluation Setup

2.8.1.1 Environment

All experiments were run on a machine equipped with two 20-core 2.10 GHz Intel Xeon Gold
6230 CPUs [106] and 256 GiB of memory, running Linux 6.9.7-arch1-1.

2.8.1.2 Metrics

Our evaluation focuses on the following metrics:
Average Precision (Candidate Cause Ranker, higher is better). Since this module addresses
Problem 2.8, we evaluate it using the average precision of its output ranking r, defined as:

AP (r) =

∑Length(r)
i=1 PrecisionAmongTop(i) · IsPositive(i)

# Ground Truth Positive Elements

Number of Judgments (Interactive Causal Graph Refiner, lower is better). Leveraging
the Absolute Relative Error [9] in ATE, we report the number n of judgments to reach Gn for
which:

ARE_ATE(n) =

∣∣∣∣ATEGn(T,O)− ATEGReal(T,O)

ATEGReal(T,O)

∣∣∣∣ ≤ 10−5

We selected this metric instead of measuring the structural accuracy of the causal graph
because a fully correct graph is not necessary to estimate the ATE correctly, as explained in
Section 2.1.
Latency (lower is better). We evaluate whether the latency of our two human-in-the-loop
modules is indeed interactive, as well as how the Log Converter scales to more complex logs.
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Table 2.2: Statistics about our evaluation datasets.

Dataset Size Parsed Prepared
Lines Bytes Variables Variables

PostgreSQL 507,648 20,587,286 71 172
Proprietary 1,223,000 237,048,470 121 120
XYZ V = 10 1,000,000 62,458,855 12 21

V = 100 1,000,000 64,791,158 102 201
V = 1,000 1,000,000 65,943,179 1002 2001

2.8.1.3 Baselines

We compare LOGos to two baselines:
Regression. Produce suggestions using linear regressions.

• For Candidate Cause Ranking: Drop prepared variables with zero variance and
normalize the rest to zero mean and unit variance. Regress the effect variable E on the
normalized data and rank the regressors by decreasing absolute regression coefficient.

• For Interactive Causal Graph Refinement: For each variable V in the current
causal graph, for each of its non-neighbors W , regress V on W . Solicit a user judgment
for the pair with the highest absolute regression coefficient. Before running the regres-
sions, normalize as above. Cache regression results and continue soliciting judgments in
ranked order while the user makes no changes to the graph.

LangModel. Produce suggestions using gpt-4o-mini-2024-07-18 [163] (prompts online [144]).

• For Candidate Cause Ranking: Prompt the model with the tags of all prepared
variables and up to 3 unique example values for each, and have it rank causes for E.

• For Interactive Causal Graph Refinement: Prompt the model with the tags of all
prepared variables, the edges in the current causal graph, and the pair (T , O). Ask it to
rank pairs of variables based on their relevance to ATE(T,O). Solicit a user judgment
for the pair ranked first and cache the rest. Continue soliciting judgments in ranked
order as long as the user makes no changes to the graph.

2.8.1.4 Datasets

Open-source collections of logs exist [273], but to evaluate LOGos we also need access to the
ground-truth causal effects in the log-producing system, which are generally unavailable. We
therefore develop three new datasets, summarized in Table 2.2, ranging from instrumenting
a real system, through augmenting a real-world log with a known causal relationship, to
generating synthetic logs for stress-testing. This strategy was also used by other causality-in-
systems works, e.g., CausalSim [11]. Where applicable, we provide these datasets with our
code [144]. For the human-in-the-loop modules, we use as inputs the prepared variables for
each dataset.
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Table 2.3: Parameter settings for generating the PostgreSQL dataset.

Parameter Values
work_mem 128, 256
seq_page_cost 1, 1,000
random_page_cost 4, 1,000
max_parallel_workers 1, 2
maintenance_work_mem 32,768, 65,536
effective_cache_size 262,144, 524,288

PostgreSQL (Real-world). As mentioned in Section 2.2.2, this dataset emulates the
situation of a database administrator who wants to determine which parameter is causing
queries to be slow. We set up PostgreSQL 14 on a t2.2xlarge instance on AWS EC2 [192] and
configured it to log the latency of each query. We then loaded the TPC-DS benchmark [179]
for scale factor 1 and executed a workload consisting of sequentially issuing one query per
TPC-DS template, excluding 4 long-running templates (1, 4, 11, and 74).

We ran this workload 64 times, once per combination of the parameter settings in Table 2.3,
each in a separate session. These parameters both impact query latency and do not require
a Postgres service restart to reset. For each of the 32 parameter combinations where the
product of work_mem and max_parallel_workers is 256, we then ran the workload once
more, leading to 96 total runs. For a randomly selected run, the aforementioned product is
therefore more likely to be 256, so we have confounding: work_mem affects both query latency
and the value of max_parallel_workers.
Proprietary (Real-world with post-processing). We wanted to process a log from
another complicated piece of software that was as realistic as possible, but for which we knew
the ground truth. We thus post-processed a real-world log for an HTTP-based client/server
application from a large company, with different messages in the log generated by different
parts of the software stack. Clients in this application periodically contact the server to
perform operations. We kept the real-world syntax of this file but synthetically introduced
a bug. We generated logs for 1,000 “users”, to whom we assigned unique IDs, included in
each of their log messages. We designated a fraction of the users F as “faulty”. For each
non-faulty user, we generated a log identical to the original, except that HTTP responses had
probability pn = 10% of reporting error code 401 instead of success code 200. There are 36
such messages in the original 1,223-line log. For each faulty user, we equivalently defined a
probability pf > pn and we indicated their OS as iOS 15.0 in the log message that reported it,
compared to iOS 14.3 in the original log. We generated 9 experimental scenarios by setting
F to 50%, 10%, or 1%, while pf was set to 100%, 50%, or 20%.
XYZ (Synthetic). Finally, we created a family of synthetic logs to evaluate the limits of our
framework’s ability to recover and adjust for confounding. We wanted a synthetic log so we
could test how well LOGos can work even in the face of a harder-to-discern causal effect. We
did that by carefully adjusting the level of noise and the number of irrelevant variables. Each
XYZ log contains 1,000 log messages for each of 1,000 machines. Each message includes an
artificial timestamp, a machine identifier, and one of V variables chosen uniformly at random
(we ensure every variable is reported at least once).
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(a) PostgreSQL (b) Proprietary (c) XYZ

Figure 2.3: Average precision for Candidate Cause Ranking (higher is better).

While the value of most variables is drawn uniformly at random from [0, 100] each time
the variable is reported, the values of 3 special variables (X, Y , and Z) are not. Z is drawn
uniformly between 0 and 10 once per machine. X is equal to Xm + Z, with added Gaussian
noise with σ = R, with Xm drawn once per machine uniformly at random. Y is equal to
2X + 3Z, with added Gaussian noise with σ = R. As such, ATE(X, Y ) = 2 after adjusting
for Z. We generated 9 scenarios by setting V to 10, 100, or 1,000, and R to 1, 5, or 10.

2.8.2 Candidate Cause Ranking

We begin our evaluation by assessing the ability of the Candidate Cause Ranker to produce
high-quality rankings of candidate causes, therefore addressing Problem 2.8.

2.8.2.1 PostgreSQL

For this dataset, we explored candidate causes of query latency, represented by the prepared
variable duration mean, and we aimed to recover the prepared variables associated with the
two parameters involved in confounding: work_mem mean and max_parallel_workers mean.
As shown in Figure 2.3a, the candidate cause ranking produced by LOGos achieved superior
average precision in this task, beating Regression by 1.08× and LangModel by 1.54×. From
Figure 2.4a we see that Regression offered a much lower latency, but the sub-second latency
offered by LOGos was still firmly within the interactive range we are targeting.

2.8.2.2 Proprietary

For this dataset, we explored candidate causes of failure codes in HTTP responses, represented
by the prepared variable code mean, and we aimed to recover the prepared variable for the
OS version, tagged version mean. We present mean results over the 9 experimental scenarios.
As shown in Figure 2.3b, LOGos outperformed Regression by 1.28× and LangModel by 18×
in terms of average precision. The latency insight from Figure 2.4b is again that Regression
offered very low latency, but LOGos remained interactive.
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(a) PostgreSQL (b) Proprietary (c) XYZ

Figure 2.4: Candidate Cause Ranking latency (lower is better).

2.8.2.3 XYZ

Finally, for XYZ, we explored candidate causes of Y mean, and we aimed to recover X mean
as the candidate cause. We present mean results over the 9 experimental scenarios. As shown
in Figure 2.3c, LOGos once again led in average precision, beating Regression by 1.66× and
LangModel by 13.47×. In terms of latency, Figure 2.4c once more shows that Regression
produced results the fastest, but LOGos remained interactive.

Finding from 2.8.2: Candidate Cause Ranking

The average precision of the Candidate Cause Ranker is 1.08×–1.66× higher than Regression
and 1.54×–18× higher than LangModel. A call to the Candidate Cause Ranker requires on
average under 4 s, which remains interactive, although slower than Regression. LangModel
is at least 40% slower than LOGos.

2.8.3 Interactive Causal Graph Refinement

2.8.3.1 PostgreSQL

We calculated the ground truth value of the ATE(max_parallel_workers, duration) on
the graph shown in Figure 2.5a. Then, we removed the dashed edges to derive a starting
graph. For each available method, we responded to each judgment it solicited with the
appropriate edge status based on the ground truth causal graph, and measured how many
judgments were solicited before the ATE converged to its ground truth value. As seen in
Figure 2.6a, LOGos was able to immediately zero in on the two dashed edges and solicit
judgments for them, reaching the ground truth graph (and thus the ground truth ATE) in
only 2 judgments. Regression instead required 5 judgments (2.50× more) to achieve the same
goal, while LangModel required 11 judgments (5.50× more).

Moreover, as shown in Figure 2.7a, LOGos required only 1.90 s of total processing time
for the 2 judgment solicitations, firmly within the interactive realm. While Regression was
also interactive, LangModel required 5.76 s in total, 3.04× more than LOGos.
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Figure 2.5: Ground truth causal graphs for Section 2.8.3.

(a) PostgreSQL (b) XYZ

Figure 2.6: Number of judgments required to converge to ground truth ATE for Interactive
Causal Graph Refinement (lower is better).

2.8.3.2 XYZ

We calculated the ground truth ATE(X mean, Y mean) on the graph of Figure 2.5b. Then,
we removed the dashed edges to derive a starting graph and followed the same strategy as in
Section 2.8.3.1. We present mean results over the 9 experimental scenarios of this dataset. As
seen in Figure 2.6b, LOGos again outperformed the competition, requiring exactly 2 judgment
solicitations to identify the 2 dashed edges and help the user reconstruct the ground truth
graph. Regression instead required 3.22 judgments on average (1.61× more) to achieve the
same goal, while LangModel required 33.67 judgments (16.83× more).

As shown in Figure 2.7b, LOGos required on average 13.87 seconds of total processing time
across the 2 judgment solicitations. However, as the breakdown by value of V in Figure 2.8
shows, this was mainly caused by the deliberately computationally intensive experimental
scenarios with V = 1,000, which contain over 10× as many prepared variables as PostgreSQL
and Proprietary (see Table 2.2). LOGos offered interactive latency otherwise. While Regression
was interactive across experimental settings, LangModel required 18.44 seconds in total on
average, 1.33× more than LOGos.
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(a) PostgreSQL (b) XYZ

Figure 2.7: Cumulative latency for Interactive Causal Graph Refinement (lower is better).

(a) V = 10 (b) V = 100 (c) V = 1,000

Figure 2.8: Figure 2.7b split by value of V (lower is better).

Finding from 2.8.3: Interactive Causal Graph Refinement

The Interactive Causal Graph Refiner requires 1.61×–2.50× fewer judgments than Regression
and 5.50×–16.83× fewer than LangModel. A call to the Interactive Causal Graph Refiner is
interactive for most datasets, although slower than Regression. LangModel is at least 33%
slower than LOGos.

2.8.4 Deep Dive into Interactive Causal Graph Refiner Strategy

We now dive deeper into the effectiveness of the strategy used by the Interactive Causal Graph
Refiner, comparing it to the preliminary strategies presented in Section 2.6.1.
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Degree of Freedom Generation Method Cardinality
Ground Truth Graphs GenDAG(10, 0.5, −10, 10, 0.001, 2) 10

Datasets GenData(G, 1,000, −10, 10) 3
Starting Graphs GenDAG(10, 0.5, −10, 10, 0.001, 2) 10
Choices of T/O Combinations(|G.nodes|, 2)

(
10
2

)
= 45

Strategies RandomEdit 3 runs
SingleEdit 1 run

HeuristicEdit 1 run
AdjSetEdit 1 run

Total 10 × 3 × 10 × 45 × (1 + 1 + 1 + 3) = 81,000

Table 2.4: Breakdown of our experiment instances.

2.8.4.1 Additional Setup Details

Datasets. For this experiment, we used synthetic causal graphs generated in two steps. First,
we defined an algorithm GenDAG(N , p, wmin, wmax, nmin, nmax), which creates a graph
G by instantiating N nodes in topological order and adding each edge from a node to each
successor of it with probability p. Each edge has an associated weight drawn uniformly from
[wmin, wmax] and an associated noise standard deviation, drawn uniformly from [nmin, nmax].

Then, GenData(G, L, vmin, vmax) creates a dataset of L points. For each data point,
each variable associated with a source node in G is drawn uniformly from [vmin, vmax]. The
rest are assigned values based on their incoming edges. In particular, for each incoming edge
e, we multiply the value of the source of e by the weight of e and add Gaussian noise with
zero mean and the noise standard deviation of e. The value of a non-source variable is the
sum of all the values computed this way for each of its incoming edges.
User Model. We simulated a user who began with a causal graph Ginit obtained by calling
GenDAG and empty sets of fixed and banned edges, F0 = ∅ and B0 = ∅. The user also
specified a dataset D, a treatment variable T and an outcome variable O. Like a human
expert, such a user has knowledge of the ground truth graph Greal used to generate D, but
interacts with LOGos to recover the relevant part of Greal, rather than specifying it fully. In
each interaction with the Interactive Causal Graph Refiner, the user sequentially produced
judgments in the order solicited by Interactive Causal Graph Refiner (using their knowledge of
the ground truth graph), marking any added/rejected edges as fixed/banned, respectively.
Baseline. As a baseline, we used RandomEdit, which solicits judgments based on random
single-edge edits. The strategy samples elements of OneStepEdits(G, F, B) (Algorithm 2.2)
uniformly at random without replacement. A user invoking this strategy is guaranteed to
arrive at the correct causal graph, and therefore also at the correct ATE, in at most

(|V|
2

)
calls, corresponding to the unordered pairs of distinct elements of V.
Experiment instances. We created a total of 81,000 experiment instances, as indicated
in Table 2.4. We created 10 “ground truth” causal graphs with 10 nodes and 3 associated
1,000-point datasets for each. We then created 10 more 10-node graphs from which the
user started their interaction with LOGos. For each combination of a ground truth graph, a
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(a) ARE_ATE (b) Latency

Figure 2.9: The evolution of our metrics of interest for each strategy over 10 user judgments.

corresponding dataset and a starting graph, we set the user’s choice of treatment variable
T and outcome variable O to all possible options. Because of the topological order-based
approach of GenDAG, we know that a directed path from Vi to Vj can only exist if i < j,
so we get 45 valid pairs. Some experiment instances were deemed invalid because there was
no directed path from the selected treatment to the selected outcome in both the ground
truth DAG and in the starting graph. The results presented below are aggregated over
valid experiment instances. Finally, for each combination of (ground truth graph, starting
graph, T , O), we simulated each of our four strategies over a horizon of 10 judgments. For
HeuristicEdit, we set b = 1,000, m = 2, k = 100. For RandomEdit, we repeated each
10-judgment interaction 3 times and averaged the performance. Note that certain strategies
may stop producing graph edit suggestions before the 10th judgment is made (for example, if
no suggestion they could produce complies with F/B). In such cases, we assume that the
metrics of interest remain constant going forward.

2.8.4.2 RandomEdit

We first briefly discuss the performance of RandomEdit. On the ARE_ATE, Figure 2.9a
reveals that the impact of this strategy is negligible and non-monotonic, as there is no
connection between the suggested edits and the ATE of interest. After 10 judgments, this
strategy achieves an average ARE_ATE of 0.42. However, as evident from Figure 2.9b, this
approach is fast, with each call into LOGos taking an average of 0.16 seconds.

2.8.4.3 SingleEdit

Moving on to SingleEdit, per Figure 2.9a, the impact on the primary metric of ARE_ATE is
dramatic, reaching 0.17 after 10 judgments – a reduction of 61.06% compared to RandomEdit.
As shown in Figure 2.9b, the price for the ARE_ATE improvement is a latency increase of 2
orders of magnitude, with each call to LOGos requiring on average 10.39 seconds when using
this strategy.
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2.8.4.4 HeuristicEdit

Despite its increased sophistication, HeuristicEdit does not improve the metrics of interest.
Figure 2.9a shows that it achieves an average ARE_ATE of 0.39 after 10 judgments without
a clear decreasing trend, an improvement of only 8.51% over RandomEdit. With an average
latency of 144.90 seconds per interaction round, further work would be required to make
the ideas of HeuristicEdit useful. The main drawback of this method (beyond the long
latency imposed by the heuristic search) appears to be its sequential identification of different
suggested edge edits that attempt to achieve the inclusion or omission of the same impactful
adjustment variable, even when the user keeps rejecting them.

2.8.4.5 AdjSetEdit

Finally, turning to AdjSetEdit, we observe from Figure 2.9a that performance on the
primary metric of interest (ARE_ATE) is comparable to SingleEdit: after 10 judgments,
it achieves a value of 0.17, a reduction of 60.60% compared to the baseline. However, this
strategy offers a 9.28× improvement in latency compared to SingleEdit, with Figure 2.9b
showing that each call to LOGos only takes 1.12 seconds on average. This latency improvement
is substantial because it brings the system within an “interactive” operating domain, something
that SingleEdit and HeuristicEdit do not offer.

Finding from 2.8.4: Deep Dive into Interactive Causal Graph Refiner Strategy

AdjSetEdit outperforms other strategies for the Interactive Causal Graph Refiner, tying
SingleEdit for the joint-lowest ARE_ATE after 10 judgments with 9.28× lower latency.

2.8.5 Log Converter Scaling

We close with an evaluation of the prototype Log Converter. In particular, we evaluated the
scalability of Log Parsing (Section 2.4.1) and Aggregation (Section 2.4.4), which present the
greatest algorithmic interest. Recall that Log Parsing relies heavily on Drain [91] (Section 2.7).

We used synthetic datasets defined based on 4 parameters: L, S, V , and C. L represented
the length of the log. Each log message included 2 + V +C space-separated tokens. The first
token was a line ID of the form line_i. The second token was a string token of the form s_j,
where j ∈ Z was uniformly random from [1, S]. The next V tokens were numerical variables,
each of which took the value i. The last C tokens were constants equal to 0. To sweep log
lengths, we fixed S = 10, V = 1, and C = 10, and swept L over powers of 10 from 101 to 106.
To sweep the number of templates, we fixed L = 104, V = 1, and C = 10, and swept S over
powers of 10 from 101 to 104. To sweep the fraction of variables, we fixed L = 104, S = 10,
and C = 100− V , and swept V over multiples of 10 from 10 to 100.

We parsed each log using a regular expression for line_ID and set the Drain similarity
threshold to yield one log template per value of the string token in each experiment. As
Figures 2.10a, 2.10c, and 2.10e show, the time taken by log parsing scaled linearly with each
measure of the complexity of a log. We then aggregated each log into causal units determined
by line_ID. Figures 2.10b, 2.10d, and 2.10f show the results, which again scale linearly.
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(a) Parsing vs. Log Length (b) Aggregation vs. Log Length

(c) Parsing vs. # Templates (d) Aggregation vs. # Templates

(e) Parsing vs. % Variables (f) Aggregation vs. % Variables

Figure 2.10: Log Converter scaling.

Finding from 2.8.5: Log Converter Scaling

Log Parsing and Aggregation in the Log Converter scale linearly with three measures of
log complexity: length, number of templates, and fraction of tokens that are variables.
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2.9 Related Work

2.9.1 Causality and Systems

Managing failures is crucial for large system operators. Past work has used formulations
including failure classification [21], failing component detection [277], troubleshooting guide
suggestion [109], job runtime impact analysis [276], and risk simulation [236]. Some existing
work has also leveraged causality [4, 11, 73, 79, 84, 107, 159, 160]. Causal inference has
also been used for other data management tasks more broadly, including query result and
classification explanation [10, 188], hypothetical reasoning [72], exploratory data analysis [138],
fault localization [4, 73, 145], data integration [197, 246], model fairness [272], and maximizing
RCT data usefulness [11]. Any such system can benefit from the ability of LOGos to improve
the quality of the causal graph.

However, logs have been under-explored as a data source, with most past work simply
focusing on outlier detection [70, 80, 187]. One work does map outliers to their causes [33],
but it requires a fully externally provided causal graph. The outlier detection framing also
fails to flag longer-term problems (e.g. some users being consistently slower). Other works
impose additional restrictions, like source code access [252], platform-specificity [267], or fine-
grained hardware-supported logging [50]. On the commercial side, platforms like Splunk [209]
and Datadog [57] provide log access interfaces, but no tailored support for causal inference.
Datadog can identify some “root causes” for failures [56], but these verdicts appear driven
just by temporal relationships, similar to Falcon [159] and Horus [160].

2.9.2 Causal Discovery

Causal discovery has seen much prior research [78, 136, 198, 207, 208, 223, 230, 255, 275].
Some existing algorithms are constraint-based, like PC [207] and FCI [208], while others are
score-based, like GES [46]. Others, like LiNGAM [198], estimate the parameters of Functional
Causal Models (FCMs). A subset of existing algorithms focuses specifically on local causal
discovery around the treatment variable to reduce computational cost, and characterizes the
range of possible causal effect sizes based on observational data [81, 139, 226, 245]. Each
algorithm makes assumptions about the data [78], some of which are false for logs – e.g.
functional dependencies yield singular correlation matrices. The number of variables involved
is also a challenge for existing algorithms, as evidenced by the timeouts in Section 2.2.2.
A text-mining approach based on the variable names may also be possible if such names
are informative enough [86, 87, 92], most recently by leveraging large language models
(LLMs) [18, 23, 24, 120, 131, 135, 154, 217, 222]. Despite often being impressive, LLMs still
exhibit unpredictable failure modes that hinder their general adoption for causality [120].
Moreover, LLMs rely on publicly available textual information to derive their answers, which
may be severely limited when dealing with log-derived variables particular to a specific
architecture and deployment. LOGos aims to efficiently use expert user feedback to tackle
such failure modes.
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2.9.3 Data-Driven Causal Graph Refinement

One approach to causal graph refinement has been targeted data collection through judicious
interventions [48, 98, 103, 115, 175, 194]. This approach may be necessary when expert
verification is unsuited for determining the direction of causality. In contrast, LOGos targets
domains where such verification is possible, so that intervening is not necessary. Moreover,
these works often build on a computed skeleton or Markov Equivalence Class [17, 88, 206]
and focus on determining the direction of undirected edges in the skeleton, which limits the
possibility of refining over the causal structure itself, unlike LOGos. Another line of work
combats the possibility of spurious correlations being identified as causal relationships, by
searching for necessary and sufficient causal graphs over only a relevant subset of variables [34].
While this approach can lead to a better-quality causal graph after the initial automatic
causal discovery step, it is complementary to invoking the interactive components of LOGos
on the resulting graph to also incorporate expert knowledge about the domain.

2.9.4 Adjustment Sets and ATE Calculation

Under the DAG model, we use Pearl’s backdoor criterion [172], but there also exist variants of
it [220]. Another line of research on identifying causal models and computing ATEs operates
in the domain of Markov Equivalence Classes and completed partially directed acyclic graphs
(CPDAGs) [17, 88, 254]. A notable recent work [81] uses the observation that each possible
valid value of the ATE corresponds to a valid set of parents of the treatment to adjust for in
the CPDAG. It uses local constraint-based causal discovery to efficiently identify the Markov
Blanket of the treatment, all possible valid parent sets to adjust for, and therefore all possible
ATE values. This algorithm still has exponential complexity in bad cases. However, unlike
our work, this work does not aim to find ATE values that are close to ground truth. Previous
work has also examined this problem in ancestral graphs [219].

2.10 Pitfalls and Lessons Learned
We will now discuss three pitfalls faced during the conception and development of LOGos and
the corresponding lessons learned, which can inform the design of future systems. For each
lesson, we will give appropriate context, discuss our initial approach, present our observations
about its behavior, and conclude with our revised approach.

2.10.1 Treating Logs as Text

2.10.1.1 Context

In the initial exploration phase of this project, we were interested in the general domain of
mining system text logs for performance-related insights. Our initial problem definition had
a predictive angle: could we use the current log entries to predict upcoming ones, identify
performance problems (as evidenced by the predicted appearance of error messages), and
notify system administrators ahead of time? At this point in time, we had not yet definitively
decided to use causal inference, but were instead exploring all available techniques.
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2.10.1.2 Initial Approach

Based on the textual nature of the system logs at hand, we initially experimented with
some of the large language models (LLMs) available at the time (Q3 of 2022) like GPT-3.
We constructed a naive proof-of-concept approach to decide whether the capabilities of
then-current general-purpose LLMs were appropriate for further use in our system. At a high
level, this initial approach treated recent log messages as text, which the LLM was tasked
with continuing. If concerning log messages appeared in the log continuation, one could then
notify the system administrator. We did not intend for this approach to constitute a complete
solution, but we wanted to evaluate its viability as a building block of a larger system.

2.10.1.3 Observations

The performance of this initial approach led us to some interesting insights. On the one
hand, we observed that LLMs of that time were capable of generating a syntactically correct
continuation for the provided log fragment, following the format of prior log messages. The
models were even somewhat capable of substituting plausible values for some of the log
variables, for example by advancing the timestamp with which log messages were prefixed.

On the other hand, this approach exhibited a set of problems, which can be summarized
by the observation that, from an information-density standpoint, logs are not really text. The
success of the next-token prediction approach, around which LLMs are designed, is predicated
on the assumption that a piece of text can be accurately inferred from the text appearing
before/around it, without extra-textual influences. However, this assumption is not true of
log messages, where each “piece of text” (log message) is generated by the evolution of an
underlying system, rather than as an autoregressive continuation of previous messages.

One way to understand this difference is by describing most text generation (e.g. prose)
as “pull”-based: text is written to convey a particular argument, with earlier sentences setting
up the stage for later ones and “pulling” them into existence. Logs, on the other hand, are
generated based on a “push” model, whenever a particular event occurs in the underlying
system, regardless of the presence of previous log messages.

Many of the log messages therefore reflect “normal operation”, adding little additional
information and drowning out the key log messages that may be describing a failure. Moreover,
when a failure does occur, it may have been caused by any number of real-world events that
are not reflected in earlier log messages. The predictive power of previous log messages is
therefore often limited in terms of determining the next ones.

2.10.1.4 Revised Approach

Based on the observations above, we decided to move away both from LLMs as the insight-
generating component of our system and from text as the dominant representation of
information within our pipeline. As part of this shift, we developed the Log Converter to
derive a structured, tabular representation of log contents that could be analyzed with a
wider array of tools. Among these tools, we later arrived at causal inference as the most
principled approach.
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Lesson 2.1

Despite being textual, log messages are generated by extra-textual processes rather than
following from previous messages, making next-token-prediction ineffective.

2.10.2 Using Time-Based Causal Units

2.10.2.1 Context

Based on Lesson 2.1, we next moved to conceptualize logs as partial, imperfect observations
of a latent system state. Analyzing the logs could give insights into this latent state and
its evolution over time, and causal inference quickly emerged as a promising analysis angle.
However, we noticed that each log message only reports certain aspects of the latent state
(i.e. certain variables or a certain event); therefore, in order to “fill in the gaps”, it would be
necessary to look at sets of log messages at a time, which hopefully collectively painted a
more complete picture of the underlying system. The question of how to form such sets of
messages was essentially equivalent to defining our causal units, a necessary prerequisite for
any downstream ATE calculation.

2.10.2.2 Initial Approach

Viewing log messages as imperfect observations of a latent hidden state, our initial approach
was to define each causal unit as consisting of log messages with nearby timestamps. In
practice, the system may be in a unique latent state at the generation time of each message;
however, we posited that log messages close in time may reflect similar enough latent states,
so that we could analyze them jointly.

We therefore initially designed the Log Converter around time-based causal units, with the
user only affecting the time resolution of the grouping (e.g. every 1 second or every 1 minute).
In a follow-up formulation during the same period, we also considered separating the log
messages into distinct time series based on the frequency of certain log message templates,
allowing for a hierarchy of time-based causal units.

2.10.2.3 Observations

We quickly discovered that time-based causal units were inappropriate, because of the Stable
Unit Treatment Value Assumption (SUTVA). SUTVA indicates that the “treatment” assigned
to one causal unit cannot affect the “outcome” observed by a different unit, in order to
correctly calculate average treatment effects.

When using causal inference in other scientific domains like medicine or economics, this
assumption is often trivially satisfied, because the treatments are assigned to different physical
entities or groups, like patients. However, if each of our causal units is, for example, a 5-minute
window of system operation, then the assumption would be violated; an event that occurred
some time ago and happened to fall in the previous window may nevertheless affect system
state and influence what happens in the current window (e.g. a memory leak). Put differently,
an apparent problematic value of an outcome variable at a particular point in time may be
attributable to the value of a treatment variable far earlier in time, in a different causal unit.
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2.10.2.4 Revised Approach

Based on the observations above, we reconsidered our approach to causal unit selection,
explicitly moving away from time-based causal units. While analyzing the Proprietary
dataset (see Section 2.8.1.4), we found that real-world logs include a wide array of identifiers
and tags that could be used to identify subparts of the system or track the progress of
particular entities throughout the system. While such causal units may still interact in
certain ways (e.g. different users sharing a cluster, or different clusters sharing the same
network infrastructure), inter-unit causal relationships are far less direct than those induced
by lumping together heterogeneous log messages that just happened to have arrived close
in time. We therefore made causal unit selection a human-in-the-loop step in our pipeline,
prioritizing causal units with real-life significance like machines or users.

Lesson 2.2

Temporal proximity is an inappropriate basis for designing causal units for log messages,
because the underlying system state introduces “leaks” among causal units.

2.10.3 Reasoning About Confounders Directly

2.10.3.1 Context

Delegating causal unit selection to expert users moved our approach towards human-in-the-
loop territory. This inspired us to explore other ways to tap the domain knowledge of such
users, for example by having them assess possible causal relationships among log variables.
Such an approach could help refine or supplement the outputs of classical causal discovery
algorithms, which were facing challenges when operating on log data (see Section 2.2.2).

2.10.3.2 Initial Approach

Our initial conception of a human-in-the-loop causal exploration focused on a given causal
question as a first-class citizen, with the user interacting with our system to calculate the
correct ATE. The interface exposed by our system centered on finding the most potent
confounders for the question at hand and exposing them to the user, for their approval
or rejection. In particular, the causal graph was not a focal point of the interaction, but
rather a secondary supporting artifact that was produced incidentally; the user directly made
judgments about the existence of confounding relationships.

2.10.3.3 Observations

We observed that it was difficult and unintuitive for system experts to directly opine on
whether something was or was not a confounder, since they may have been unfamiliar with the
technical definition. The simple initial interface also gave no way for users to specify causal
relationships among such discovered confounders, which could directly influence whether or
not they need to all be included in the adjustment set.
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2.10.3.4 Revised Approach

Based on the above observations, we redesigned our interface so that the causal graph became
the primary artifact, into which user feedback is incorporated and maintained over time.
We found that it could be easier for users to reason about the existence of causal edges,
rather than the confounder status of some variable. However, to quantify and prioritize graph
edits, our system still had to operate in “adjustment set space”. This required the novel
algorithms of Section 2.6.2 in order to map the system-derived adjustment variables back to
human-understandable causal graph edits, which the user could accept or reject.

Lesson 2.3

Reasoning about the causal graph is more maintainable and intuitive for users, even if
the system performs part of the processing by reasoning about adjustment sets.

2.11 Conclusion and Limitations
In this work, we presented a novel human-in-the-loop framework for applying causal inference
to log data. This endeavor is challenging because log data suffer from three problems:
Functional Dependencies, Large Number of Variables, and Biased Data Collection. Our
framework combines novel algorithmic approaches with judicious use of human input to
mitigate these problems. Our prototype, LOGos, accurately and efficiently calculates Average
Treatment Effects among log variables, in both real-world and synthetic logs, while scaling
linearly with the complexity of a log. This work can spur further exploration of applying
causality in systems.

Although powerful, our approach has two limitations. First, we currently rely on both
the correctness and the coverage of the input log data. Still, our approach is flexible enough
to integrate more data sources, like code or documentation, using preprocessing modules
analogous to the Log Converter. Second, since we include a human in the loop, some user
domain knowledge is necessary to derive a high-quality causal model from our framework’s
suggestions. We believe the required level of expertise is appropriate for our intended audience
(engineers administering large systems).
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Chapter 3

AutoSLO: Practical Latency SLOs on
Cloud Data Warehouses

3.1 Introduction

The Problem. Modern cloud data warehouses like Amazon Redshift Serverless [13] and
Snowflake [203] decouple compute from storage, letting multiple compute clusters access the
same underlying data. For example, multiple Redshift Serverless workgroups can access the
same data through Datashares [15], while Snowflake supports multi-cluster warehouses [201].

Customers have embraced this feature [221] because it enables coarse-grained performance
isolation by allowing the separation of workloads with different latency service-level objectives
(SLOs). For example, interactive dashboards may need to respond within a few seconds,
nightly ETL workloads may need to finish before business hours, and data-science workloads
may tolerate some additional latency as long as costs are kept bounded.

However, even if workloads are each assigned to a separate cluster, current systems do not
allow SLOs to be specified directly. This means that administrators have to experiment with
cluster settings (e.g. number of nodes or price-performance hint [157]) until the latency SLO
is met. Even after such tuning, there is no control over what happens as queries within each
workload may interfere with one another. As a recent work by the Amazon Redshift team
notes, “large ad-hoc queries can have a severe negative impact on the overall performance of
the cluster, since they can occupy compute resources and cause cache thrashing” [157].

In this work, we take a different approach: we treat latency SLOs as first-class inputs and
use the mechanisms exposed by cloud data warehouses to meet them cost-efficiently. The
goal is not cross-workload performance isolation for its own sake, but rather meeting the
SLO of each individual query, while minimizing infrastructure cost. This requires deciding
which clusters to use, when to scale them, and where to route each incoming query.
What Success Looks Like. If each cluster could be spun up instantaneously and imme-
diately offer its full performance, the task at hand would be simple: the system could wait
until demand appears, create exactly the resources needed, and route queries accordingly.
However, it takes time to provision new resources, and additional time for caches and other
internal state to warm up. As a result, to cost-efficiently meet latency SLOs, we must manage
cluster configuration across multiple timescales, as summarized in Table 3.1:
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Table 3.1: No prior work exhibits all key desired behaviors.

Key Plan Adjust React
Desired resources based resources based to concurrent
Behavior on history on demand live load
Timescale ≈ 24 h ≈ 5 min ≈ 1 s
ResTune ✓ ✗ ✗

[261] Replay-based
knob tuning
on replica

WiseDB ✓ ✗ ✗

[140] Tree model
for fixed per-

template routing
Das et al. ✗ ✓ ✗

[55] Container sizing
w/ token bucket

SLAOrches- ✗ ✓ ✗

trator Utilization- or
[165, 166, 167] simulation-based

pool resizing
BRAD ✗ ✓ ✗

[118, 249] Blueprint
beam search

Auto-WLM ✗ ✓ ✗

[189] Queueing-based
horizontal scaling

RAIS ✓ ✓ ✗

[157] Multi-forecast Queueing-based
parameter tuning horizontal scaling

AutoSLO ✓ ✓ ✓

Multi-forecast Simulation-based Concurrency-
spinup planning best-cluster aware routing

& tuning spinup
Component Policy Tuner Autoscaler Query Router
Details in... Section 3.7 Section 3.6 Section 3.5
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• Plan (≈ 24 h): Enterprise workloads often exhibit recurring patterns [221]. By extracting
and anticipating these patterns, the system can make long-term cluster-management and
configuration decisions proactively, such as when to spin up or tear down clusters and how
to tune the policies used during execution. Because these decisions are made offline and
amortized over longer periods, one can afford to evaluate a richer set of alternatives.

• Adjust (≈ 5 min): Forecasts are imperfect, and workloads can evolve. The system must
be able to respond by spinning up or tearing down clusters to compensate for unexpected
bursts, lulls, or shifts in workload mix. Unlike planning, adjustment operates under tighter
time constraints and therefore makes more localized decisions within the overall policy
already chosen by the planner.

• React (≈ 1 s): Finally, each arriving query must be assigned to one of the currently active
clusters. Since the goal is no longer workload performance isolation, but rather meeting
query-level latency SLOs cost-efficiently, this decision must account for the query’s own
latency SLO, its impact on already-running queries, and the infrastructure cost implied by
the routing decision.

These behaviors are complementary. Planning reduces dependence on slow reactive scaling
by preparing resources before expected demand arrives. Adjustment handles forecast error
and unexpected workload changes. Reaction handles the per-query effects of concurrency and
contention, which remain present even under a well-chosen cluster configuration. Together,
they allow a system to leverage multiple clusters to meet query-level latency SLOs without
requiring rigid workload-to-cluster assignments.
How Prior Work Falls Short. As shown in Table 3.1, several automatic workload
management systems have been proposed, but none exhibits all three key desired behaviors.

Some systems can only plan for a known or forecasted workload, using replays [261] or
modeling [140]. However, planning alone is insufficient: forecasts are imperfect, workload
mixes can shift, and live query-level contention can affect SLO adherence and must be
managed. Other systems can only adjust resources online in response to demand, using
various forms of short-term performance modeling/assumptions under different available
resources [55, 118, 165, 166, 167, 189, 249]. However, spinning up new clusters can require
non-negligible time, so purely reactive approaches will transiently leave the system under-
provisioned, risking SLO violations.

Finally, existing systems route queries using static workload classes, query templates,
or estimated resource requirements [140, 157, 167, 189, 249]. They do not react to live
concurrent query load by explicitly considering how placing a new query on a particular
cluster affects SLO adherence (for both the new query and the already-running ones). This
is how RAIS [157] still falls short of addressing the full problem: since it only exposes a
qualitative price-performance slider, rather than a way to specify latency SLOs, it cannot
provide SLO-aware query placement.
Our Approach. AutoSLO addresses the gaps discussed above by jointly providing all three
key desired behaviors: planning from historical workload patterns, adjusting resources when
reality deviates from the plan, and reacting to live concurrent load when routing each query.
It does so through three components, each corresponding to one key behavior: the Policy
Tuner, the Autoscaler, and the Query Router.
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The Policy Tuner can plan using the historical workload. It generates and simulates
forecasted workloads to determine proactive cluster-management actions and configure reactive
scaling parameters. By ensuring that the right resources are available at the right time
(shortly before demand materializes), it reduces dependence on reactive scaling and mitigates
the impact of cluster spinup delays on live query traffic.

The Autoscaler can adjust the active cluster set when the observed workload behavior
deviates from the forecast for which the system was tuned. Its important contributions
include cluster spinup/teardown triggers, which identify opportune moments for resource
adjustments, and a cluster spinup size selector, which uses short-term simulations to estimate
the SLO and cost implications of different scaling actions.

Finally, the Query Router can react to live load. When a query q arrives, it selects which
active cluster should execute it by managing a multi-way tradeoff among (i) the risk that q
will violate its SLO; (ii) the risk q poses to the SLO adherence of already-running queries;
and (iii) the resource cost implied by each routing decision.
Contributions. In summary, we make the following contributions:

• We formulate the problem of SLO-aware multi-cluster workload management for cloud
data warehouses, where the goal is to bound the latency SLO violation rate at minimal
infrastructure cost.

• We present AutoSLO, a multi-timescale framework that provides the three key desired
behaviors needed for this problem: planning from historical workload patterns, adjusting
resources when workloads deviate from the forecast, and reacting to live concurrent load
when routing individual queries.

• We develop the components of AutoSLO: a forecast-driven Policy Tuner for proactive cluster
management and tuning, a simulation-based Autoscaler for cost- and SLO-aware scaling,
and a concurrency-aware Query Router for per-query placement.

• We evaluate AutoSLO on realistic Redbench-generated workloads and show that it can
successfully meet latency SLOs of varying strictness, reducing cost by a mean of 26.4%
compared to the per-scenario next-best baseline.

• We also evaluate per-component performance and find that the Query Router and Autoscaler
reduce the SLO violation rate by a mean of 47.8% and 93.7%, respectively, compared
to corresponding alternatives on TPC-DS-derived workloads, while the Policy Tuner can
reduce the SLO violation rate by a mean of 44.6% using a single day of workload history.
Each component is also shown to be efficient enough for its operating timescale.

3.2 Problem Formulation

In this section, we will build towards our problem definition more formally. We will
introduce some useful notions related to cloud data warehouses (Section 3.2.1) before stating
the problem we target (Section 3.2.2).
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3.2.1 Background on Cloud Data Warehouses

We begin by defining the workload and system setting we target more precisely.
Online, Diverse Query Arrivals. Each query q is issued online at time q.tarrival. At each
point in time, no information about future query arrivals is known exactly. Each query q
has varying resource demands (e.g. CPU, memory, I/O), which may interact with those of
concurrently executing queries, impacting their latency.
Latency SLOs. Each query q has a latency service-level objective SLO(q), treated as an
input provided by the application or administrator. For example, the SLO may be inferred
from the query’s source application, user-defined priority, or other submission-time metadata.
A query q meets its SLO whenever its client-side latency L(q) ≤ SLO(q). Otherwise, q
violates its SLO.
Clusters. Multiple clusters can query the same data, with the vendor managing concurrency
control and consistency. Each cluster c has a size S(c) describing its computational capacity.
The queries running on c are denoted Qc. Instead of statically assigning each workload to a
cluster, we allow routing queries independently:

Definition 3.1: Routing Policy

Let Cq.ta be the active cluster set when query q arrives, and Hq.ta be the historical workload
observed until then, including prior query arrivals, routing decisions, completions, and
SLOs. A routing policy R determines which active cluster to execute q on:

R(q, Cq.ta ,Hq.ta) 7→ c ∈ Cq.ta

Adjustable Cluster Pool. New clusters can be requested from the vendor, and existing
clusters can be released. Spinning up a new cluster c takes time δ; tearing down an existing
cluster takes time ζ. We present δ and ζ as constants, but our techniques also support
sampling them. This leads to another decision point:

Definition 3.2: Scaling Policy

At time t, given the active cluster set Ct and the historical workload Ht, a scaling policy
S outputs a new active cluster set Cnew:

S(t, Ct,Ht) 7→ Cnew

Usage-Based Billing. Let P = (R,S) denote a pair of policies. The cost kP(c,Q) of a
cluster c over workload Q with these policies is the product of (i) a constant price p; (ii) c’s
size S(c); and (iii) c’s active time while Q is executed.

The active time of a cluster c is conceptually measured by a timer as follows: the timer is
initially paused; if paused, the timer starts running whenever a query arrives at c; if running,
the timer pauses whenever two conditions are both met. The two conditions are: (i) there
are no running queries on c; and (ii) at least m seconds (e.g. m = 60 [14, 202]) have elapsed
since the timer most recently started running. Billing interacts with routing: using an idle
cluster restarts its timer, while consolidating reduces cost but can cause interference.
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Figure 3.1: The architecture of AutoSLO. Solid lines indicate input/output flow, while dashed
lines indicate control flow.

3.2.2 Problem Definition

For a workload Q under policies P , let the SLO violation rate be vP(Q) = 1
|Q|

∑
q∈Q 1[LP(q) >

SLO(q)] and the total cost be kP(Q) =
∑

c k
P(c,Q). We also allow specifying an SLO

violation rate target τ . Not treating τ as a hard constraint lets us compare policy pairs even
when their SLO violation rate is above τ . In particular, given a setM containing the SLO
violation rate and cost of each policy pair,M = {(vP1 , kP1), . . . , (vPn , kPn)}, we use:

BestWithTarget(M, τ) = arg
lex

min
(v,k)∈M

(max(0, v − τ), k, v)

We seek the best policy under the lexicographic target-aware objective above. Concretely:

Problem 3.3: SLO-aware Multi-Cluster Workload Management

For an SLO violation rate target τ ≥ 0, select a policy pair P⋆ ∈ Π that prioritizes
meeting τ and only then reducing cost:

P⋆ ∈
{
P ∈ Π

∣∣∣ (vP , kP) = BestWithTarget
(
{(vP ′

, kP ′
) | P ′ ∈ Π}, τ

)}
.

3.3 Overview of AutoSLO

To address the problem above, we design AutoSLO to demonstrate the three key desired
behaviors from Section 3.1. For our technical exposition in the following sections, unlike
our top-down introduction, we follow a query’s path through the system bottom-up.
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As shown in Figure 3.1, an incoming query q first encounters the Query Router, which can
react to the current workload and decide which active cluster to forward q to. This decision
is powered by the Latency Predictor, which estimates how different placements would affect
both q and the already-running queries. Sections 3.4–3.5 describe these components.

Each query is also added to the Autoscaler’s sliding Observation Windows and leads to a
recalculation of the Scaling Triggers, which decide whether to adjust the active cluster set.
If a spinup is triggered, the Spinup Size Selector simulates a short-term workload forecast
under different hypothetical cluster additions to balance SLO adherence and cost. It uses the
Workload Simulator, a simple event-driven simulator that can replay query arrivals and uses
the Latency Predictor to determine query completions. Section 3.6 expands on this process.

Finally, each query is added to the Workload Reservoir within the Policy Tuner, which
is triggered periodically (e.g. every 24 hours). The Workload Forecaster uses the reservoir
to generate forecasted workloads, which are efficiently simulated using the Batch Simulator.
Based on these simulations, the Spinup Scheduler optimizes cluster spinup timing for reliably
recurring load, while the Configuration Tuner then tunes Autoscaler parameters governing
on-demand autoscaling. Section 3.7 covers this functionality.

3.4 Latency Predictor

We start with Iconq [235], a recent LSTM-based concurrent query latency estimation model,
but modify it to address the needs of AutoSLO. In particular, we need support for clusters of
different sizes (in the Query Router), while we also need to use the model to determine query
completion times during simulations (in the Workload Simulator). Before we discuss how we
address these requirements in our Latency Predictor, called Iconq+, we present Iconq.

3.4.1 Background: Iconq

Iconq was developed for single-cluster query scheduling, where queries can be queued and/or
reordered to reduce mean latency. At a high level, Iconq predicts the latency of a query
q by ingesting a sequence of interaction feature vectors, derived from q and its neighbors,
with an LSTM. We define qn as a neighbor of q if their executions overlap in time. Each
interaction feature vector concerns q and a particular neighbor qn and includes: query-
plan-derived features for q and qn; relative timing information about their arrivals; and
concurrency-unaware latency estimates for each query, ℓ̂q and ℓ̂qn , derived from a fast sub-
model (Stage [234]). Iconq ingests neighbors arriving before q and after q separately, enabling
latency prediction updates for already-running queries when new ones arrive.

3.4.2 Query Featurization

Iconq assumes all queries run on the same cluster. In AutoSLO, however, we must predict
latencies across clusters of different sizes. We therefore extend the interaction feature vector
with features related to cluster size, including: (i) the raw cluster size; (ii) log2(size) to
capture non-linear scaling; (iii) 1/size to capture inverse-capacity effects; (iv) ℓ̂q · size and
ℓ̂qn · size as proxies for the compute work implied by each query’s isolated latency; and (v)
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Figure 3.2: When predicting the latency of q2, Iconq+ ingests the interaction feature vectors
of later neighbors (q3 and q4) in chronological order, enabling incremental inference.

(ℓ̂q + ℓ̂qn)/size as a capacity-normalized pairwise contention signal. In Figure 3.2B, we see
the interaction feature vectors for the queries in Figure 3.2A, when predicting the latency of
q2. Each includes query plan features and Stage latency predictions per query f(q), relative
timing features g(t; tneighbor) and cluster size features S(c) as above.

3.4.3 Censored Observations

To predict the latency of q, Iconq uses features derived from q and its neighbors. When
scheduling online, precise neighbor sets are known at decision time. In AutoSLO, however, we
also use the Latency Predictor in the Workload Simulator. There, whether two queries overlap
can depend on their simulated (predicted) latencies, which require overlap knowledge. Hard
inclusion of neighbors therefore creates a feedback loop, where early prediction errors alter
downstream neighbor sets and lead to compounding errors.

To mitigate this, we also train Iconq+ on censored observations using sampled partial
neighbor sets, where labels are treated as lower bounds (i.e. loss is zero if pred ≥ label). This
lets us extract more from the training data. For example, if q ran from t = 0 to t = 10 and q′

arrived at t = 7, then we know that L(q) = 10 in the presence of q′; however, we also know
that L(q) ≥ 7 without q′, since q was still running when q′ arrived.

Censoring also lets us train on queries aborted due to timeouts or errors, with time-to-
failure as their censored label. This is especially important for small clusters, where timeouts
can be more common; discarding timed-out queries would over-represent successful executions
and bias the model toward latency underprediction.

3.4.4 Incremental Predictions

Iconq uses a bidirectional LSTM to ingest a sequence of interaction feature vectors. Per
Figure 3.2C/D, when predicting the latency of q2, neighbors arriving before q2 (i.e. q1) are
ingested in chronological order, while neighbors arriving after q2 (i.e. q3 and q4) are ingested
in reverse chronological order. This makes both sequences end near q2’s arrival, emphasizing
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Algorithm 3.1 Overall workflow of the Query Router.

Inputs: Incoming query q, active cluster set C = {c} with latency predictions L̂before
c and

latency predictor states Mbefore
c for running queries.

Outputs: Selected cluster c⋆, updated latency predictions L̂c⋆ and updated latency predictor
states Mc⋆

1: function Route(q, C)
2: for c ∈ C do
3: vbefore

c ←
∑

qi∈Qc
1[L̂before

c (qi) > SLO(qi)]

4: kbefore
c ← ClusterCostUntilDrained(c,Qc, L̂

before
c )

5: Nc ← PerQueryNeighborsIfWeRoute(c, q)
6: {Lafter

c ,Mafter
c }c∈C ← PredictWithIconq+({Nc,M

before
c }c∈C)

7: for c ∈ C do
8: for qi ∈ Qc do
9: L̂after

c (qi)← max(L̂after
c (qi), L̂

before
c (qi), q.tarrival − qi.tarrival)

10: for c ∈ C do
11: Qafter

c ← Qc ∪ {q}
12: vafter

c ←
∑

qi∈Qafter
c

1[L̂after
c (qi) > SLO(qi)]

13: kafter
c ← ClusterCostUntilDrained(c,Qafter

c , L̂after
c )

14: ∆vc ← vafter
c − vbefore

c

15: ∆kc ← kafter
c − kbefore

c

16: c⋆ ← lexicographic-argminc∈C
(
∆vc, ∆kc

)
17: return c⋆, L̂after

c⋆ , Mafter
c⋆

nearby interactions in the LSTM state. However, it also means that whenever a new neighbor
arrives (e.g. q4 in panel D), every neighbor after q2 must be re-ingested.

Although the re-ingestion overhead per query can be small, it can add up during simu-
lations, slowing down the Autoscaler and the Policy Tuner. This is especially true because
simulations interleave predictions and CPU-heavy state bookkeeping, effectively mandating
CPU inference. To avoid repeated re-ingestion, we modify Iconq+ to also process after-
neighbors in chronological order, and add support for incremental inference from cached
model state (Figure 3.2E/F).

3.5 Query Router

The Query Router routes each incoming query q to an active cluster, leveraging the Latency
Predictor to balance three concerns: (1) the ability of q to meet its SLO, (2) the impact of
q on the SLO adherence of currently running queries, and (3) the cost implications of the
routing decision. The Query Router implements Route (Algorithm 3.1). It first inspects
each cluster c, gathering the SLO-violating queries (lines 2–3) and the total projected cost,
from c’s spinup until the running queries are predicted to drain (line 4). In the same pass,
it builds each cluster’s counterfactual query neighbor map, as if the incoming query q were
placed there (line 5).
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(a) q SLO miss (b) q1 SLO miss (c) Expensive (d) Balanced

Figure 3.3: The Query Router balances SLOs and cost. The x-axis is time. Each query is a
rectangle and same-color dashed lines show when it will miss its SLO. Hatching indicates
predicted latencies; a red outline marks an SLO miss. Thin blue lines show billed time; dark
blue indicates the minimum billed duration.

It then runs Iconq+ inference on these counterfactual neighbor maps in a single batch
(line 6), yielding updated model predictions L̂after

c and model states Mafter
c . As explained in

Section 3.4.4, Iconq+ updates the latency predictions and model states for already-running
queries incrementally within this step. Route then applies a monotonicity guard for stability
(lines 7–9): the latency prediction for each running query is never updated downwards,
reflecting the fact that later queries generally cannot make an earlier query faster, and cannot
be smaller than its observed latency so far.

For each candidate cluster c, the algorithm then counts the SLO-violating queries and
implied cost in a manner similar to the baseline state (lines 10–13), ultimately calculating
the marginal impact of the routing decision (lines 14–15). It then identifies the cluster c⋆

that minimizes marginal SLO violations and cost (in this order) and returns it, together with
the corresponding updated latency predictions and latency predictor states (lines 16–17).

Figure 3.3 shows an example, where query q (purple) is routed among 4 clusters, with
2 active queries q1 (green) and q2 (brown). Routing q to c1 would make it miss its SLO,
while routing it to c2 would make q1 miss its own SLO. Routing it to c3 would imply no SLO
violations, but it would start a new billing window, leading to high cost. The best option is
therefore c4; there are no SLO violations, while the marginal cost impact is minimized.

By explicitly reasoning about query interference, SLO violation risk, and resource cost,
the Query Router can make decisions that balance performance and efficiency in real time.
Algorithm 3.1 Computational Time Complexity. Before and after model inference,
Route does a constant amount of work per running query, implying O(N), where N =∑

c |Qc|. For line 6, each LSTM step is O(dh + Lh2) (to ingest the input and update the
hidden state per layer), assuming input dimension d, hidden size h, and L layers. We will treat
this as constant, since we use a fixed model. We perform two steps per running query qrunning:
one to update qrunning’s latency prediction if q is added to its neighbors (see Section 3.4.4),
and another while ingesting qrunning as a neighbor of q while predicting the latency of q. Line
6 is then also O(N), meaning that Route’s overall time complexity is O(N).
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3.6 Autoscaler

The Query Router routes each query among the active cluster set C; however, it may be that
C is no longer appropriate for the current workload, which may instead be better served by a
different set of clusters. The Autoscaler addresses such cases through reactive autoscaling,
using three sub-components (see Figure 3.1): the Observation Windows, the Scaling Triggers,
and the Spinup Size Selector.

3.6.1 Observation Windows

The Autoscaler runs in a background thread and maintains two trailing Observation Windows
over the last w seconds. It appends each incoming query to the arrival window Wa while
it appends each completed query (alongside its arrival time and latency) to the completion
window Wc, truncating each as needed to keep its length below w. Each query arrival also
trips two Scaling Triggers, explained next.

3.6.2 Scaling Triggers

3.6.2.1 Teardown Trigger

The teardown trigger determines whether one of the active clusters should be torn down. For
an active cluster c, it fires when three conditions are simultaneously met: (i) no queries are
currently running on c; (ii) no query has been routed to c for the last Tidle seconds; and (iii)
c was spun up at least Tmin_lifetime seconds earlier. If all conditions are met, the Autoscaler
initiates the teardown of c. Tidle and Tmin_lifetime can be periodically optimized by the Policy
Tuner, as we will examine in Section 3.7.5.

3.6.2.2 Spinup Trigger

The spinup trigger determines whether a new cluster should be spun up, based on whether
recent SLO adherence is unsatisfactory. As described in Algorithm 3.2, it first checks whether
the active cluster set has changed since the last invocation; if so, it saves it, records the
current arrival time as tchange and clears the in-flight flag f (lines 2–5). The algorithm then
assembles R (line 6), the set of running queries that arrived after tchange, and D (line 7),
the set of queries from Wc that arrived after tchange, alongside their predicted and realized
latencies, respectively. If the combined size of these two sets is at least θ and the in-flight
flag is not set (line 8), the algorithm computes the SLO violation rate among R ∪D (line 9)
and compares it to τtrigger (line 10). The trigger fires only if this threshold is exceeded, at
which point the in-flight flag is also set (lines 11–13). The parameters τtrigger and θ can be
periodically optimized by the Policy Tuner, as we will examine in Section 3.7.5. If the spinup
trigger fires, the Autoscaler invokes the Spinup Size Selector, explained next in Section 3.6.3.
Algorithm 3.2 Computational Time Complexity. The comparison on line 2 takes time
O(min(|K|, |C|)), while constructing R and D on lines 6–7 requires time O(N + |Wc|), where
N =

∑
c |Qc|. Line 9 (if reached) operates on a subset of these query sets, so the overall

complexity is O(min(|K|, |C|) +N + |Wc|).
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Algorithm 3.2 The spinup trigger of the Autoscaler.

Inputs: Completion window Wc, active cluster set C = {c} with predictions L̂c, query qnew

Configuration: Trigger SLO threshold τtrigger, minimum observations θ
State: Known active cluster set K, change bound tchange (shared with Algorithm 3.3),

in-flight flag f (shared with Algorithm 3.3)
Outputs: Whether to invoke the Spinup Size Selector.
1: function MaybeSpinup(Wc, C, qnew)
2: if K ̸= C then
3: K ← C
4: tchange ← max(tchange, qnew.tarrival)
5: f ← False
6: R← {(q, L̂c(q)) | (q ∈ Qc, c ∈ C) ∧ (q.tarrival ≥ tchange)}
7: D ← {(q, L(q)) | (q ∈ Wc) ∧ (q.tarrival ≥ tchange)}
8: if ¬f and |R|+ |D| ≥ θ then
9: vcur ← 1

|R|+|D|
∑

(q,ℓ)∈{R∪D} 1[ℓ > SLO(q)]
10: if vcur > τtrigger then
11: f ← True
12: return True
13: return False

3.6.3 Spinup Size Selector

Once the spinup trigger fires, the Spinup Size Selector must determine the size of the cluster
to spin up, if any. At a high level, for each eligible cluster size, it hypothesizes a cluster
spinup of that size and compares the downstream SLO violation rate and cost. It does this
by simulating a short-term workload forecast, where queries arrive according to copies of the
arrival window Wa, are routed as usual by the Query Router, and complete based on their
predicted latencies. Crucially, it also evaluates a do-nothing baseline (no new cluster added),
and only actually recommends a cluster spinup if the best candidate strictly improves upon
not changing the active cluster set at all.

Remember that a new cluster will not be available instantly, but only after a spinup delay
δ. It is vital to capture this preparation period in the simulation, because it may generate a
workload backlog that the new cluster will have to help relieve, once available. However, the
events of this preparation period are independent of the size of the requested cluster, so that
it is sufficient to compute the simulation state at the end of the preparation period once.

More precisely, the Spinup Size Selector operates according to Algorithm 3.3. Lines 2–12
describe the preparation period, during which the new cluster has been requested but it is
not yet available from the vendor: copies of the queries in the arrival window are issued
(lines 4–5 and 11) and routed (lines 9–10), while queries that are predicted to have completed
are removed from tracking (line 8). Once the new cluster is available (lines 2–3 and 6–7),
replay stops and we snapshot the cluster set state (line 12). We extend the candidate set
with a do-nothing baseline (line 13) and, for each possible action (i.e. spinning up a cluster
of each of the eligible sizes, or doing nothing), we initialize the cluster set from the snapshot
captured at the end of the preparation period (lines 14–18).
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Algorithm 3.3 The Spinup Size Selector.

Inputs: Arrival window Wa, active cluster set C = {c} with latency predictions L̂c, decision
time td, target SLO violation rate τtarget

Configuration: Eligible cluster sizes S, spinup delay δ, minimum completions µ, observation
window width w

State: Change bound tchange, in-flight flag f (both shared with Algorithm 3.2)
Outputs: Cluster size s to spin up, or ∅ if none advisable.
1: function FindBestSpinupSize(Wa, C, td, τtarget)
2: tavailable ← td + δ; i← 0
3: while True do
4: q ←Wa[i mod |Wa|]
5: q.tarrival ← q.tarrival + w · ⌊i/|Wa|⌋
6: if q.tarrival ≥ tavailable then
7: break
8: CollectFinishedUntil(C, q.tarrival)
9: (c⋆, L̂c⋆ ,Mc⋆)← Route(q, C)

10: c⋆.AddQuery(q, L̂c⋆ ,Mc⋆)
11: i← i+ 1
12: (Csnap, isnap)← (C, i)
13: S ′ ← S ∪ {∅}
14: for s ∈ S ′ do
15: Cs ← copy(Csnap)
16: if s ̸= ∅ then
17: Cs ← Cs ∪ {NewCluster(size = s)}
18: i← isnap

19: D ← ∅
20: while |D| < µ do
21: q ←Wa[i mod |Wa|]
22: q.tarrival ← q.tarrival + w · ⌊i/|Wa|⌋
23: F ← CollectFinishedUntil(Cs, q.tarrival)
24: D ← D ∪ {(q′, L(q′)) | (q′ ∈ F ) ∧ (q′.tarrival ≥ tavailable)}
25: (c⋆, L̂c⋆ , Mc⋆)← Route(q, Cs)
26: c⋆.AddQuery(q, L̂c⋆ , Mc⋆)
27: i← i+ 1
28: D ← D ∪c∈Cs {(q′, L̂c(q

′)) | q′ ∈ Qc}
29: vs ← 1

|D|
∑

(q,ℓ)∈D 1[ℓ > SLO(q)]

30: ks ←
∑

c∈Cs ClusterCostUntilDrained(c, Qc, L̂c)
31: (vbest, kbest)← BestWithTarget({(vs, ks)}s∈S′ , τtarget)
32: if (vbest, kbest) = (v∅, k∅) then
33: tchange ← td + δ
34: f ← False
35: return ∅
36: return max{s ∈ S | (vbest, kbest) = (vs, ks)}

79



Figure 3.4: The Spinup Size Selector evaluates each scaling action at td by simulating copies
of the arrival window Wa. It stops once µ queries (here µ = 3) issued after the new cluster is
available (td + δ; queries outlined in black) finish executing.

We then continue until we have simulated µ query completions (lines 19–20). The core
simulation loop is mostly the same (lines 21–27), with the exception that we record the latency
of completing queries that arrived after tavailable (lines 23–24). After exiting the simulation, we
augment this set of µ completed queries with the predicted latencies of outstanding queries
(line 28) and compute the SLO violation rate and cost (lines 29–30). We then find the best
pair of SLO violation rate and cost according to an SLO violation rate target τtarget (line
31, see the end of Section 3.2). If ∅ (i.e. the do-nothing baseline) can achieve these values,
we return it, suppressing trigger re-evaluation for δ seconds to prevent immediate re-firing
(lines 32–35, see Algorithm 3.2). Otherwise, we return the largest cluster tied for the best
outcome (line 36), erring on the side of caution when multiple sizes perform equally well. The
parameters µ and w can be periodically optimized by the Policy Tuner, as we will examine in
Section 3.7.5.

Figure 3.4 shows an example for µ = 3, where the x-axis is time and each rectangle is
a query. The query arrivals q1–q3 in the arrival window Wa are replayed twice until q9’s
completion at tµ marks the third completion after td + δ, the time the new (purple) cluster of
size 8 became available. The simulated latencies of q6, q8, and q9, and the predicted latency
of q7 as of tµ, contribute to v8 and k8.
Algorithm 3.3 Computational Time Complexity. In the preparation phase (lines 3–
11), the number of query arrivals will be O(|Wa| · δ

w
). Let the number of query arrivals

required on lines 21–27 until µ queries complete be Fs when the new cluster has size s (or
s = ∅), and let Fmax = maxs∈S′ Fs. Let each arriving query q encounter Rq running queries,
among which any finished queries must be identified (O(Rq)) before q is routed (O(Rq)),
and let Rmax = maxq Rq. For the drain phase and SLO/cost calculations (lines 28–30)
we similarly incur O(Rq). Therefore, the overall complexity of FindBestSpinupSize is
O((|Wa| · δ

w
+ Fmax) ·Rmax).
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3.7 Policy Tuner

As described in Section 3.6, the Autoscaler can use the recent workload to adjust the active
cluster. However, over longer time horizons, additional optimization opportunities open up.
The Policy Tuner, invoked at the granularity of several hours1, captures such opportunities, as
follows. Each incoming query is added to the Workload Reservoir (Section 3.7.1), which can
be used by the Workload Forecaster (Section 3.7.2) to draw forecasted workloads. The Batch
Simulator (Section 3.7.3) can efficiently simulate these workloads under different configurations,
empowering the Spinup Scheduler (Section 3.7.4) to schedule proactive cluster spinups and
the Configuration Tuner (Section 3.7.5) to optimize Autoscaler knobs.

3.7.1 Workload Reservoir

Each query that reaches AutoSLO is also added to the Workload Reservoir. It consists of two
tables indexed by calendar date and hour of day. The count table records, for each (date,
hour, query_template) triple, how many times that query template was issued. The arrivals
table records the within-hour second offset of every query arrival in each (date, hour) bin.
Both tables have configurable sampling policies to keep their footprint bounded, but they do
not need to be kept in memory, since they are only used infrequently by the Policy Tuner.

3.7.2 Workload Forecaster

The Workload Forecaster generates forecasted workloads for the day ahead and partitions
them into training and validation splits. In our current implementation, it iterates over hours
of the day and samples query texts from all available same-day-and-hour-of-week bins. It
applies a decay to their sampling probability, so that samples from k weeks ago are weighted
by λk−1 (with λ ∈ (0, 1)). To assign arrival times to each forecasted query, it calculates
interarrival deciles from the arrivals table (over the same-day-and-hour-of-week bins) and
samples uniformly within each decile. For sparse bins, it falls back to uniform sampling.

Note that the forecasted workloads only need to approximate the load contours of the
real workload, so that coarse scaling decisions can be pre-planned. Other forecasting and
sampling policies are also supported (e.g., a single prior day, or an equally weighted 7-day
window), but the above policy best balanced simplicity and predictive performance.

3.7.3 Batch Simulator

SimulateBatch is the shared evaluation primitive invoked by every phase of the Policy
Tuner. It accepts a set of execution configurations {Ei} and a set of workloads W , and
returns a result matrix where entry R[i][j] holds the simulation outcome for configuration
Ei on workload W [j]. All |{Ei}| × |W | simulations are dispatched to a process pool and
run in parallel in an optimized fashion. Each execution configuration specifies any scheduled
cluster spinups for the workload ahead (cluster size and spinup time), as well as values for
the Autoscaler configuration parameters: Tidle and Tmin_lifetime (Section 3.6.2.1); τtrigger and θ
(Section 3.6.2.2); and µ and w (Section 3.6.3).

1Below we assume that the Policy Tuner is invoked daily, but this is not strictly required.
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3.7.4 Spinup Scheduler

3.7.4.1 High-Level Workflow

The Spinup Scheduler augments execution configurations with scheduled cluster spinups for
periods of predictable congestion. Conceptually, it greedily evolves an initial execution
configuration by adding spinups over at most η rounds. In each round it simulates the
current configuration on the training workloads, identifies promising times at which additional
capacity may help reduce SLO violations, and accepts the best spinup candidate only if it
improves upon the existing configuration.

Algorithm 3.4 implements this search for a set of initial configurations E = {E0
i }i∈I .

It maintains the best configuration found so far for each candidate, Ebest
i , and an index

set of candidates that remain eligible for further spinups, alive_at_all (lines 2–3). The
outer loop performs up to η greedy rounds (line 4). At the beginning of each round, all
still-active candidates are simulated on the training workloads in a single batch (line 5). For
each candidate, the scheduler aggregates its current SLO violation rate and cost (across the
training workloads), then calls FindGoodSpinupTime (Algorithm 3.5) to obtain a ranked
list Γi of promising spinup times (lines 6–8). Candidates with no promising times are removed
from alive_at_all (line 9).

For the remaining candidates, the scheduler searches for the best-performing spinup to
add in the current round. It initializes each candidate’s attempt counter and places all
active candidates into a set alive_this_round (lines 10–11). The inner loop then evaluates
candidates in attempt waves (lines 12–26). In each wave, every still-alive candidate i is paired
with every eligible cluster size s ∈ S, producing a trial configuration that adds a spinup at
the candidate’s currently attempted time Γi(attempti) with size s (lines 13–14). These trial
configurations are simulated in parallel on the training workloads, before we aggregate their
violation rates and costs (lines 15–17).

The scheduler then calculates, for each candidate, the best performance (vbi , k
b
i ) among all

new configurations and the current baseline using BestWithTarget (line 18). If this new
best performance differs from the previous best performance, a configuration that achieves
the new best performance is promoted to Ebest

i and the candidate leaves the current round
because it has accepted a spinup (lines 19–21). If no cluster size improves the candidate
at the current time, the scheduler advances to the next promising time in Γi, up to the
per-round attempt limit ϕ (lines 22–23). If the candidate exhausts all allowed attempts
without finding an improvement, it is removed both from the current round and from future
rounds (lines 24–26). Thus, each outer round adds at most one spinup per candidate, and
candidates stop being considered once no useful spinup can be found.

After the greedy training phase, we evaluate the best configuration for each initial
candidate on the validation workloads (lines 27–28). We then select and return a configuration
E⋆ according to the target-aware lexicographic objective (lines 29–31). The batching in
Algorithm 3.4 does not change the greedy search logic that underpins our overall approach;
it simply improves simulation throughput.
Algorithm 3.4 Computational Time Complexity. Let B be the maximum parallel
simulation batch size and s the maximum simulation duration. Then the overall computational
time complexity of ScheduleSpinups is O

(
|I| · s

B
·
(
η · |S| · ϕ · |W tr|+ |W val|

))
.
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Algorithm 3.4 The Spinup Scheduler.
Inputs: Initial execution configurations E = {E0

i }i∈I , training workloads W tr, validation
workloads W val, target SLO violation rate τtarget

Configuration: Maximum spinups η, aggregation function α, eligible cluster sizes S, maxi-
mum attempts per round ϕ

Outputs: Optimized config E⋆ with scheduled spinups
1: function ScheduleSpinups(E , W tr, W val, τtarget)
2: Ebest

i ← E0
i for all i ∈ I

3: alive_at_all← I
4: for r ∈ [0, . . . , η) do
5: {Λi}i∈alive_at_all ← SimulateBatch(W tr, {Ebest

i }i∈alive_at_all)
6: for i ∈ alive_at_all do
7: vbase

i , kbase
i ← AggPerf(Λi, α)

8: Γi ← FindGoodSpinupTime(Λi, τtarget)
9: if Γi = ∅ then alive_at_all← alive_at_all \ {i}

10: attempti ← 0 for all i ∈ alive_at_all
11: alive_this_round← alive_at_all
12: while alive_this_round ̸= ∅ do
13: for (i, s) ∈ alive_this_round× S do
14: Ei,s ← AddSpinup(Ebest

i , time = Γi(attempti), size = s)
15: {Λi,s} ← SimulateBatch(W tr, {Ei,s})
16: for i ∈ alive_this_round do
17: vi,s, ki,s ← AggPerf(Λi,s, α) for all s ∈ S
18: (vb

i , k
b
i )← BestWithTarget({(vi,s, ki,s)}s ∪ {(vbase

i , kbase
i )}, τtarget)

19: if (vb
i , k

b
i ) ̸= (vbase

i , kbase
i ) then

20: Ebest
i ← Ei,s⋆ for any s⋆ such that (vi,s⋆ , ki,s⋆) = (vbi , k

b
i )

21: alive_this_round← alive_this_round \ {i}
22: else if attempti + 1 < min(|Γi|, ϕ) then
23: attempti ← attempti + 1
24: else
25: alive_this_round← alive_this_round \ {i}
26: alive_at_all← alive_at_all \ {i}
27: {Λval

i } ← SimulateBatch(W val, {Ebest
i }i∈I)

28: vval
i , kval

i ← AggPerf(Λval
i , α) for all i ∈ I

29: (v⋆, k⋆)← BestWithTarget({(vval
i , kval

i )}i∈I , τtarget)
30: E⋆ ← Ei⋆ for any i⋆ such that (vval

i⋆ , kval
i⋆ ) = (v⋆, k⋆)

31: return E⋆
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3.7.4.2 Finding Good Scheduled Spinup Times

Algorithm 3.5 Congestion point detection.
Inputs: Per-workload simulation logs {Λi}, target SLO violation rate τtarget

Configuration: Delinquency threshold k, spinup delay δ, spacing σmin

Outputs: List Γ of promising spinup placement times.
1: function FindGoodSpinupTime({Λi}, τtarget)
2: events← All query arrival/completion events from simulation logs {Λi}
3: events← Sort(events, {time,Asc)}
4: Vi ← 0, Ni ← 0, Di ← False for all i
5: nD ← 0; inEpoch← False; Γ← [ ]
6: for j = 0 to |events| − 2 do
7: e← events[j]
8: if e.type = Start then
9: Ve.i += e.v; Ne.i += 1

10: else
11: Ve.i −= e.v; Ne.i −= 1
12: d′ ← Ve.i

Ne.i
≥ τtarget if Ne.i > 0 else False

13: if d′ ̸= De.i then
14: nD += (d′ ? +1 : −1); De.i ← d′

15: if events[j+1].time = e.time: continue
16: if nD ≥ k and not inEpoch then
17: inEpoch← True
18: tcand ← e.time− δ
19: else if nD < k and inEpoch then
20: inEpoch← False
21: if {t ∈ Γ | |t− (tcand)| < σmin} = ∅ then
22: Γ.Append(tcand)
23: if inEpoch and {t ∈ Γ | |t− (tcand)| < σmin} = ∅ then
24: Γ.Append(tcand)
25: return Γ

Per Section 3.7.4.1, the Spinup Scheduler needs to determine promising times for scheduled
spinups. Algorithm 3.5 achieves this in a single linear scan. It begins by building a unified
sorted timeline of query arrival and completion events across all per-training-workload
simulation logs for the same execution configuration, pre-gathering per-query SLO violation
information (lines 2–3). It then initializes per-workload running-sum accumulators Vi, Ni,
delinquency flags Di, the global delinquent-workload count nD, and the epoch-tracking state
(lines 4–5). For each event e, the running sums for the affected workload are updated (lines 7–
11), and the workload’s delinquency flag and nD are refreshed (lines 12–14). Using running
sums means that SLO adherence is evaluated in O(1) per event. Zero-length intervals between
simultaneous events are skipped (line 15). When nD first reaches the threshold k, a congestion
epoch begins and a candidate spinup time is recorded δ seconds earlier (lines 16–18); when
nD drops back below k, the epoch ends and the candidate spinup time is appended to Γ only
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Figure 3.5: Candidate spinup time determination. Here, queries with bold outlines violated
their SLOs. The indicated time is the first candidate spinup time for τtarget = 0.6 and k = 3.

if it is at least σmin ahead of the previous candidate (lines 19–22). Any open epoch at the end
of the timeline is closed after the loop (lines 23–24). The returned list Γ (line 25) is implicitly
sorted in ascending order by placement time.

Figure 3.5 shows an example with 3 simulation logs, with queries colored blue, green, and
red, respectively. Bold outlines indicate SLO violations. For τtarget = 0.6 and k = 3, all 3
workloads have more than 60% of their running queries violating the SLO once the fifth blue
query arrives, suggesting a candidate spinup time δ s earlier.
Algorithm 3.5 Computational Time Complexity. Let Q =

∑
i |Λi|, so that |events| =

2Q. The event timeline is sorted and then processed once, so that FindGoodSpinupTime
is O(Q logQ).

3.7.5 Configuration Tuner

After we determine the scheduled spinups, the Configuration Tuner optimizes the parameters
of the Autoscaler. It first generates candidate execution configurations using a configurable
strategy; options include grid (exhaustive cross-product of specified values), random (budget-
limited random sample from the grid), coordinate_descent (iterative per-parameter opti-
mization), and adaptive_batch (progressive widening with early stopping). It then evaluates
all candidate configurations on the training workloads in parallel via SimulateBatch and
retains only the top-k with respect to a configurable aggregate metric over the training
workloads (e.g. mean). These are re-evaluated (using SimulateBatch) on the validation
workloads, and the configuration with the best aggregate validation performance is returned.
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3.8 Evaluation
We implemented AutoSLO in around 26,000 lines of Python [143]. After explaining our
evaluation setup (Section 3.8.1), we present end-to-end experiments (Section 3.8.2) and
assess the effectiveness (Sections 3.8.3–3.8.7) and efficiency (Section 3.8.8) of each component.
In Tables 3.2–3.5, VR denotes the SLO violation rate and bold/underline indicates the
best/second-best VR per row.

3.8.1 Evaluation Setup

3.8.1.1 Configuration

We used a machine with two 20-core 2.10 GHz Intel Xeon Gold 6230 CPUs [106] and 256
GiB of memory, running Linux 6.9.7-arch1-1. From this machine, we used psycopg2 and
boto3 to interact with Amazon Redshift Serverless. For continuity, we refer to workgroups
as “clusters” below. We used the current Amazon Redshift Serverless price for us-east-1
($0.375/RPU/h), where an RPU is the unit of cluster size.

3.8.1.2 Workloads

All experiments were executed against TPC-DS SF 1000 (1 TB). Several of our experiments
used a workload consisting of 3 copies of a single query text per benchmark query template,
for a total of 297 queries, shuffled and issued according to a uniform Poisson process with rate
λ. We call such workloads BaseWorkload(λ). Other experiments each describe the workload(s)
they use, as needed.

3.8.1.3 SLOs

We ran BaseWorkload in a closed loop against a 16-RPU Amazon Redshift Serverless cluster
and recorded the maximum latency ℓbaseline(t) per query template t. Below, we let the SLO
of each query q of template t be κ · ℓbaseline(t), with higher κ indicating easier-to-satisfy SLOs.

3.8.2 End-to-End Effectiveness

We begin by evaluating AutoSLO end-to-end using Redbench [229], which creates realistic
workloads based on the real production traces in Redset [221]. Redset includes query timing
and complexity information for real Amazon Redshift customer workloads, but lacks actual
query texts and data. Redbench bridges this gap by mapping each Redset query to appropriate
query texts from TPC-DS [179]. We obtained an executable version of the SELECT workload
faced by a particular Redset cluster (provisioned cluster 157) using Redbench’s join matching
algorithm. For practical purposes, we compressed the interarrival times in the workload by a
factor of 6 during simulation/execution, so that each day’s workload took 4 hours to execute.
In the Policy Tuner, this compression was only applied in the Batch Simulator; that is, the
Workload Reservoir was maintained using real (not scaled) arrival times, based on which the
Workload Forecaster also operates.
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(a) May 27, κ = 4 (b) May 27, κ = 2

(c) April 15, κ = 4 (d) April 15, κ = 2

Figure 3.6: End-to-end performance of AutoSLO.
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Based on this workload, we derived 4 experimental scenarios as the cross product of
two variables, as shown in Figure 3.6. First, we varied the workload day: we used the last
Monday (May 27, 2024) and middle Monday (April 15, 2024) of the workload, to ensure
non-overlapping recent workload histories in the Policy Tuner. Then, we examined two
different levels of SLO difficulty, for κ ∈ {2, 4}. Across scenarios, our SLO violation rate
target per Problem 3.3 was τtarget = 0.1, shown as a dashed green line.

We compare the performance of AutoSLO (green triangle), after using the Policy Tuner
over 30 days of past data, against two families of baselines. In blue, we have a pair of naive
baselines using a total of 64 RPU each, either in a single cluster (circle) or in two clusters
with 32 RPU each, with round-robin query routing (hexagon). In red, we have a single cluster
using Redshift Serverless AI-driven Scaling [157], with the price-performance slider set to
either “balanced” (position 50, diamond) or “high performance” (position 100, square), and a
specified maximum of 128 RPU2.

As evident, AutoSLO provides the best performance across scenarios, meeting τtarget for
all 4 scenarios and reducing cost by a mean of 26.4% compared to the next-best baseline
per scenario. Compared to the only other baseline that meets τtarget in all 4 scenarios
(RAIS-Balanced), AutoSLO reduces cost by a mean of 49.6%.

Per Section 3.1, neither family of baselines allows explicitly specifying SLOs or τtarget,
which translates to ineffective cost-performance tradeoffs. While the SLOs are loose (κ = 4,
Figures 3.6a and 3.6c), all baselines meet τtarget but remain unaware of it, spending additional
resources to reduce latency in a regime where it no longer matters. When the SLOs tighten
(κ = 2, Figures 3.6b and 3.6d), no baseline can be informed, since they are SLO-unaware; they
each act the same as before, leading to higher SLO violation rates, with the naive baselines
all missing τtarget. AutoSLO instead adapts, increasing spending just enough to meet τtarget.

Finding from 3.8.2: End-to-end SLO Adherence

AutoSLO can cost-effectively maintain latency SLOs on realistic workloads at the specified
target level, reducing cost by a mean of 49.6% against the cheapest RAIS baseline per
scenario.

3.8.3 Latency Predictor (Iconq+)

3.8.3.1 Variants

To assess our Latency Predictor, we compare four model variants in an ablation study: Iconq
includes no changes [235]; +Size enhances the interaction feature vectors with cluster size
information (Section 3.4.2); +Censored additionally trains the model on censored observations
sampled with probability 0.5% (Section 3.4.3); finally, Iconq+ also supports incremental
predictions (Section 3.4.4).

2We observed that throughout the execution of our workloads, RAIS billed for the full 128 RPU (according
to the billing timer of Section 3.2) regardless of the slider setting.
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(a) Accuracy

(b) Efficiency

Figure 3.7: Iconq+ delivers superior accuracy and efficiency.
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3.8.3.2 Training Details

We trained each variant on data from executing BaseWorkload for λ ∈ [0.05, 0.1, 0.2, 0.5, 1.0]
on each of 4, 8, 16, and 32 RPU. On each cluster size, we also executed four “phased” versions
of BaseWorkload, alternating between x queries at λ = 0.05 and 10 queries at λhigh, for
x ∈ {40, 15} and λhigh ∈ {0.2, 0.5}. For practicality, we imposed a one-hour query timeout.

We also performed two training stability modifications compared to the original Iconq
paper [235]. First, we only trained the underlying Stage [234] model (used to derive neighbor-
unaware latency predictions included in interaction feature vectors as query complexity
proxies) on isolated query executions, i.e., executions with no neighbors. This made the
resulting predictions better reflect intrinsic query complexity rather than interference from
concurrent queries. Second, we interpreted data labels and model latency predictions in
logarithmic space, guaranteeing positivity after re-exponentiation and aligning naturally with
multiplicative error. This meant we no longer needed to heavily penalize negative/tiny
predictions in the loss function, so we used a simpler Q-error-based objective instead.

3.8.3.3 Results

Figure 3.7a evaluates the accuracy of each model. It shows the 50th, 90th, and 95th percentiles
of the Q-error achieved by each variant on each of its folds. As evident, adding the cluster-
size-related features in +Size offers noticeable benefits on the test set, in addition to being
necessary for cross-cluster-size comparisons when routing. +Censored extends these benefits
further, especially at p90 and p95, with Iconq+ achieving similar accuracy.

Figure 3.7b concerns the efficiency of the different variants on BaseWorkload with λ = 0.1.
For each query arrival, we predicted its own latency and updated the latency predictions
of previous queries, assuming no query had completed yet. This is not reflective of a real
execution of this particular workload, but this experiment is only stress-testing total inference
latency per arrival under increasing load. As evident, inference time grows with increasing
congestion, but Iconq+ can use incremental inference to sustain sub-40 ms inference latency.
In contrast, every other variant requires around 300 ms by the end of the workload.

Finding from 3.8.3: Latency Predictor (Iconq+)

Iconq+ is effective: adding cluster size features and censored observations noticeably
improves prediction accuracy, while incremental inference keeps inference time manageable.

3.8.4 Query Router

We continue by assessing the performance of the Query Router. We compare three query
routing approaches. Round-Robin cycles among the active clusters, as a naive baseline. Stage
+ Cost Opt. uses the underlying Stage [234] model of our trained Iconq+ instance to derive
concurrency-unaware latency predictions on each active cluster and then routes each query to
a cluster where its SLO will be met, breaking ties by cost. Such concurrency-agnostic routing
mirrors the approach of published descriptions from cloud vendors [157, 189]. Ours (Iconq+ +
Cost Opt.) represents our approach as described in Section 3.5, where the concurrency-aware
Iconq+ model is used and the risk to the SLOs of running queries is also assessed.
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Table 3.2: Query Router evaluation.

λ κ C Round Robin Stage + Iconq+ +
Cost.Opt. Cost.Opt.

VR Cost VR Cost VR Cost
0.1 4 [32, 16] 0.0269 $15.78 0.0135 $11.01 0.0168 $11.17
0.1 4 [16, 16] 0.0976 $10.40 0.0370 $7.99 0.0303 $8.91
0.1 2 [32, 16] 0.0842 $15.78 0.0808 $10.14 0.0505 $12.28
0.1 2 [16, 16] 0.2088 $10.57 0.1414 $7.43 0.1246 $8.77
0.2 4 [32, 16] 0.1414 $7.92 0.0707 $7.56 0.0202 $7.60
0.2 4 [16, 16] 0.3064 $5.41 0.2761 $4.81 0.1919 $5.29
0.2 2 [32, 16] 0.1919 $8.13 0.1919 $6.92 0.1044 $7.71
0.2 2 [16, 16] 0.4512 $5.48 0.5118 $5.20 0.3300 $4.98

Mean ∆ — — -24.3% -19.3% -47.8% -12.9%

We evaluated each approach in 8 scenarios, derived as follows: (i) we ran BaseWorkload
with either λ = 0.1 or λ = 0.2; (ii) we defined SLOs using either κ = 4 or κ = 2; and (iii) we
either routed between two clusters with 16 RPU each (C = [16, 16]), or between one 32-RPU
cluster and one 16-RPU cluster (C = [32, 16]).

Table 3.2 shows the results. Query latency prediction with Stage already outperforms
Round-Robin, reducing the SLO violation rate by a mean of 24.3%. It also reduces cost by
a mean of 19.3%, since the Query Router also considers cost. However, using Iconq+ can
improve even further over Round-Robin, achieving a mean SLO violation rate reduction of
47.8% while still lowering cost.

Finding from 3.8.4: Query Router

Our Query Router outperforms the alternatives, reducing SLO violation rate by a mean of
47.8% and cost by a mean of 12.9%.

3.8.5 Autoscaler – Spinup Size Selector

We next focus on the cluster sizes selected by the Spinup Size Selector. We compare four
approaches to modifying the active cluster set. No-Op makes no changes to the active clusters.
Horizontal spins up an additional cluster of the same size as the existing one, using our Query
Router to route between the two. Add Cluster w/ Ours represents our approach described in
Section 3.6. Vertical w/ Ours uses the simulation-based decision-making of our method, but
instead of considering what single cluster to add, it considers what single cluster to have (i.e.
it stops routing to the existing cluster once the new one becomes available).

We evaluated each approach in 8 scenarios, derived as in Section 3.8.4, but we started
with only a single cluster of size either 8 or 16 RPU. We executed 20% of the workload
queries, at which point we forcibly triggered autoscaling. We then let the following 60% of
the workload elapse, for scaling to take effect and any congestion-affected queries around the
autoscaling point to drain. We report the SLO violation rate and cost over the last 20% of
the workload, once a steady state has been reached.

91



Table 3.3: Spinup Size Selector steady-state evaluation.

λ κ C No-Op Horizontal Vertical Add Cluster
w/Ours w/Ours

VR Cost VR Cost VR Cost VR Cost
0.1 4 [8] 0.9833 $2.81 0.8167 $1.99 0.2000 $1.79 0.0167 $2.16
0.1 4 [16] 0.1000 $1.65 0.0000 $2.67 0.0833 $1.59 0.0000 $2.35
0.1 2 [8] 0.9833 $2.86 1.0000 $2.04 0.0167 $3.40 0.1000 $2.09
0.1 2 [16] 0.3667 $1.74 0.0667 $3.14 0.0167 $3.40 0.0833 $2.81
0.2 4 [8] 1.0000 $3.27 1.0000 $3.55 0.0333 $3.11 0.0333 $2.88
0.2 4 [16] 0.8333 $2.21 0.1167 $1.83 0.0333 $2.14 0.0000 $2.71
0.2 2 [8] 1.0000 $3.31 0.9500 $3.34 0.0667 $3.12 0.0667 $3.15
0.2 2 [16] 0.9000 $2.05 0.4167 $2.26 0.0667 $2.29 0.0500 $2.75
Mean ∆ — — -42.7% +11.0% -83.6% +9.1% -93.7% +11.8%

The results are presented in Table 3.3. The cluster size selected by the Spinup Size Selector
outperforms horizontal scaling: Add Cluster w/ Ours achieves a mean SLO violation rate
reduction of 93.7%, compared to 42.7% for Horizontal, while the two methods impact cost
similarly. Relying on our algorithm for vertical scaling is also promising, with Vertical w/
Ours achieving a mean SLO violation rate reduction of 83.6%. However, Add Cluster w/ Ours
performs best on average, making effective use of the pre-existing cluster.

Finding from 3.8.5: Autoscaler – Spinup Size Selector

The Spinup Size Selector recommends appropriate cluster sizes: using the new cluster
alongside the existing one achieves a mean SLO violation rate reduction of 93.7%.

3.8.6 Autoscaler – Spinup Trigger

We previously focused on which cluster the Autoscaler spins up, once triggered; we now also
consider when it is triggered. We compare four trigger approaches, all of which then use the
standard Spinup Size Selector. No-Op is never triggered. Queue@32 is triggered whenever
there are ≥ 32 outstanding queries, mirroring the queuing-based triggers of Auto-WLM [189]
and RAIS [157]. Observed is similar to Algorithm 3.2 but without R (line 6); it only acts on
observed latencies. Finally, Ours represents our approach described in Section 3.6.2.2, which
augments Observed with the projected SLO violation status of currently running queries.

We used the same 8 experimental scenarios as in Section 3.8.5. Since each approach could
decide when and what to spin up, we compare SLO violation rate and cost throughout the
whole workload. As shown in Table 3.4, Ours clearly outperforms the alternatives on average,
reducing the SLO violation rate by a mean of 54.6%.

Finding from 3.8.6: Autoscaler – Spinup Trigger

Our Autoscaler spinup trigger, combining observed and projected SLO violations, outper-
forms the alternatives and delivers a mean SLO violation rate reduction of 54.6%.
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Table 3.4: Autoscaler Spinup Trigger evaluation.

λ κ C No-Op Queue@32 Observed Ours
VR Cost VR Cost VR Cost VR Cost

0.1 4 [8] 0.9697 $4.56 0.4276 $6.10 0.4007 $5.88 0.3199 $7.31
0.1 4 [16] 0.2896 $5.31 0.3064 $5.09 0.2222 $7.18 0.2626 $7.83
0.1 2 [8] 0.9865 $4.71 0.4242 $8.67 0.8013 $6.38 0.2458 $11.10
0.1 2 [16] 0.4882 $5.24 0.4916 $5.25 0.2727 $8.68 0.2660 $8.74
0.2 4 [8] 0.9899 $4.13 0.2896 $5.54 0.9327 $5.04 0.3098 $5.19
0.2 4 [16] 0.8114 $3.71 0.4141 $5.72 0.3434 $5.91 0.4007 $4.95
0.2 2 [8] 0.9966 $4.16 0.4680 $5.37 0.5791 $5.91 0.4040 $6.02
0.2 2 [16] 0.9495 $3.65 0.4882 $5.45 0.4680 $5.77 0.3670 $7.27
Mean ∆ — — -41.0% +35.1% -37.6% +43.3% -54.6% +64.1%

Table 3.5: Policy Tuner evaluation.

Day κ No Past Data Past 1 Day Past 7 Days Past 30 Days
VR Cost VR Cost VR Cost VR Cost

5/27 4 0.1997 $41.47 0.1149 $46.14 0.0639 $51.75 0.0970 $49.25
5/27 2 0.2162 $61.72 0.1092 $71.39 0.1293 $68.38 0.0920 $74.89
4/15 4 0.0833 $42.64 0.0664 $44.15 0.0848 $45.65 0.0752 $45.82
4/15 2 0.1600 $59.80 0.0546 $69.78 0.0575 $68.11 0.0546 $68.01
Mean ∆ — — -44.6% +11.8% -42.6% +14.1% -46.1% +15.3%

3.8.7 Policy Tuner

We next evaluate the impact of the Policy Tuner on the downstream performance of the
execution configuration it produces. In particular, for the day/κ scenarios used in Section 3.8.2,
we used the Policy Tuner to optimize a configuration on 0, 1, 7, or 30 days of past data. We
then used each optimized configuration to execute the target workload. As seen in Table 3.5,
the Policy Tuner can leverage even a single day of workload history to reduce the SLO violation
rate by a mean of 44.6%, increasing cost by a mean of just 11.8%. With access to 30 days of
history, the mean SLO violation rate reduction further improves to 46.1%, but most of the
tuning benefit can already be reaped with minimal history.

Finding from 3.8.7: Policy Tuner

The Policy Tuner can efficiently produce better execution configurations, reducing the
SLO violation rate by a mean of 44.6% with access to a single day of workload history.

3.8.8 AutoSLO Efficiency

We close with efficiency micro-experiments. In Figure 3.8, each point represents the median
execution time across 10 repetitions of the corresponding combination of parameters.
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(a) Route (b) FindBestSpinupSize

(c) SimulateBatch (d) FindGoodSpinupTime

Figure 3.8: Efficiency evaluation of key AutoSLO algorithms.

3.8.8.1 Query Router Efficiency

The Query Router is invoked in the critical path of each query, so it needs to be highly efficient.
We assessed this by sweeping two variables: the number of active clusters and the number
of running queries per cluster. As evident from Figure 3.8a, the Query Router achieves a
decision-making time under 10 ms in most scenarios, with a maximum of only 35 ms.

3.8.8.2 Autoscaler Efficiency

The Autoscaler runs in a background thread, as described in Section 3.6. Still, it must be
reasonably efficient for the scaling decision to remain timely. We assessed its efficiency by
sweeping two variables: the number of candidate cluster sizes and the arrival rate of queries
in the Arrival Window. As seen in Figure 3.8b, its decision-making time is around 7 s even in
the most challenging case, providing fast responsiveness for reactive scaling.
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3.8.8.3 Policy Tuner Efficiency

The Policy Tuner is invoked periodically, as described in Section 3.7, so its overhead can be
somewhat higher. Still, it must not consume excessive resources that could otherwise be used
for workload execution. Aside from bookkeeping, two expensive functions are used by the
Spinup Scheduler and the Configuration Tuner: SimulateBatch and FindGoodSpinupTime.

For SimulateBatch, we swept two variables: the number of queries per simulated
workload and the number of workloads simulated in parallel. As seen in Figure 3.8c, batch
simulation parallelizes well and finishes in around 2 min even with over 15,000 queries,
well within the requirements of an infrequent, background Policy Tuner invocation. For
FindGoodSpinupTime, we swept the number of queries in each forecasted workload and
the number of forecasts considered. As Figure 3.8d shows, the algorithm completes in slightly
over 2 s in the worst case.

Finding from 3.8.8: AutoSLO Efficiency

Each critical algorithm of AutoSLO is efficient, meeting the latency requirements of its
operating timescale.

3.9 Related Work
We will now dive deeper into related work on maintaining SLOs, guided by Table 3.6.

3.9.1 SLOs for Cloud Data Systems

As shown in the top part of Table 3.6, no prior work on cloud data systems offers SLOs and
exhibits all three key desired behaviors.
Only offline planning. Some works plan for the future workload without adjusting resources
online or reacting at routing time. ResTune [261] reduces resource utilization by replaying
the workload on a replica and tuning knobs using constrained optimization. WiseDB [140]
trains a decision model on pre-selected query templates to derive fixed template-to-cluster
routing decisions. These works expend significant effort to derive optimized configurations,
but cannot adapt if the observed workload deviates from what they optimized for.
Only online adjustment. On the flip side, some works only adjust resources based
on online load, neither reacting to this load at routing time nor planning future resource
allocation. Das et al. [55] use an adapted version of the token bucket algorithm [213] to balance
the estimated resource demand of each customer. SLAOrchestrator [165, 166, 167] suggests
and enforces per-query latency SLOs over workloads of ad hoc SELECT-PROJECT-JOIN
(SPJ) queries, by having users select their desired cost/performance tier among provided
options. Most recently, BRAD [249] focuses on how to select, configure, and route among
different engines. A number of additional works focus on vendor-side optimization, packing
customer workloads onto machines [20, 51, 122, 133, 155, 156, 212, 239], unlike our focus on
optimizing the requirements of each and every workload. Earlier works have also evaluated
alternatives like having the user fully define the autoscaling triggers and exact corrective
actions [186, 263] or using reinforcement learning [141].
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Table 3.6: Coverage of related work.

Section 3.9.1: SLOs for Cloud Data Systems
Category Has Plans Adjusts Reacts

SLOs offline online when routing
Only offline planning ✓ ✓ ✗ ✗

[140, 261]
Only online adjustment ✓ ✗ ✓ ✗

[20, 51, 55, 118, 122, 133]
[141, 155, 156, 165, 166, 167]
[186, 212, 239, 249, 263]
No explicit SLOs ✗ ✓ ✓ ✗

[157, 189, 234]
Fixed, no interference ✓ ✗ ✗ ✗

[43, 44, 45, 125, 240]
Fixed, no SLOs ✗ ✗ ✗ ✓

[7, 101, 180, 184, 235]

Section 3.9.2: SLOs for Other Cloud Systems
Domain Unlike queries

the scheduled tasks have...
Serverless Computing Opaque, function-level behavior
[3, 71, 110]
Application Placement Longer lifetimes,
[39, 59, 60, 134, 170, 181] SLOs over inbound requests
ML Model Serving Similar computational demands
[41, 116, 151]
LLM Serving Regular structure,
[37, 96, 97, 119, 126, 247, 268] only prefix-based caching

No explicit SLOs. The currently published mechanism of Amazon Redshift, as introduced
in Auto-WLM [189] and refined in RAIS [157], balances adjusting and planning but does
not optimize for explicit SLOs, nor does it react to observed load through concurrency-aware
predictions. Instead, autoscaling is triggered by query queue length, with a qualitative
price-performance sensitivity slider controlling the aggressiveness. Query routing relies on
concurrency-unaware latency predictions, as described in Stage [234].
Fixed resources. A final class of systems assumes a fixed amount of compute per customer.
Some support SLOs but do not react to query interactions when routing [43, 44, 45, 125, 240];
others react to query-level interactions but do not optimize for SLOs [7, 101, 180, 184, 235].
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3.9.2 SLOs for Other Cloud Systems

Per the bottom part of Table 3.6, related work on SLOs for other cloud systems can also be
instructive, although not directly applicable.
Serverless Computing. One area of focus is scheduling tasks in serverless function-as-a-
service offerings (e.g. AWS Lambda [16]). In this domain, re-executing the same function
on warm resources can be faster, but there is no notion of a cross-function “cache”. This
is unlike databases, where the same cached data can be useful for many different queries.
Nevertheless, some concerns are similar. Hermod [110] balances performance and resource
efficiency through an execution-time-agnostic but cost- and load-aware hybrid policy, based
on simulation-derived insights. FaaSCache [71] casts function keep-alive as a caching problem,
reducing cold-start overhead using a variant of the Greedy-Dual [42] policy. Palette [3] tags
each function invocation with a user-provided locality hint (color); scheduling then maintains
a map from colors to instances. Such works prize generality and treat the computational
demands of each function as opaque. However, when dealing with database queries, latency
prediction is more tractable and a critical source of scheduling-relevant information.
Application Placement. Works like Paragon [59], Quasar [60], and Mage [181] optimize
application placement (called scheduling in this literature) in datacenters with heterogeneous
platforms and resources. They treat resource allocation and assignment as a recommendation
problem, using limited profiling to balance hardware utilization and the desired performance.
Works like Heracles [134], PARTIES [39], and CLITE [170] explore co-locating such latency-
sensitive applications on the same resources as “background”, throughput-focused work. In
this context, SLOs are defined for user requests, while the scheduled entity is the long-running
application. This is different from routing each individual SLO-bound database query.
ML Model Serving. Another line of work studies resource allocation for cloud-deployed
ML models subject to inference latency SLOs. For example, Mendoza et al. [151] discuss an
interference-aware model co-location policy, based on a random forest regressor trained on
offline model/hardware profiling. Mudi [41] further attempts to co-locate inference tasks with
model training while minimizing interference, by estimating inference latency as a piecewise
linear function of allocated resources. CascadeServe [116] uses model output quality as
an additional optimization knob, optimizing the design and placement of model cascades
that invoke higher-latency inference for “harder” requests only. These systems exploit the
relative uniformity of inference requests to a given model, whereas analytical queries can
differ substantially in operators, data access patterns, and resource demands.
LLM Serving. LLM serving introduces more per-request variability and state management
(e.g. KV-cache entries) compared to traditional model serving. Several works deal with these
issues for individual requests: Orca [247] proposes dealing with variable-length decode phases
using iteration-level scheduling and selective batching. PagedAttention [119] uses OS-inspired
techniques to reduce KV-cache fragmentation and improve throughput. DistServe [268]
and TetriInfer [97] explore prefill-decode disaggregation, so that the resource allocation for
each phase can be separately optimized. SOLA [96] seeks to balance the different SLOs of
prefill and decode through state-aware scheduling. HotPrefix [126] addresses the increasing
prevalence of requests with the same prefix (e.g. system prompt) by tracking and leveraging
the hotness of each prefix while managing the KV-cache. More recent works look at optimizing
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compound AI systems built around LLMs. Murakkab [37] proposes a declarative abstraction
that enables under-the-hood efficiency-driven optimizations. However, LLM requests still
have a comparatively regular structure (centered on prefill/decode) and only prefix-based
caching. Database queries have more diverse plans and richer forms of data reuse, leading to
a much larger decision space.

3.10 Pitfalls and Lessons Learned
As in Section 2.10, we will now discuss four pitfalls faced during the conception and devel-
opment of AutoSLO and the corresponding lessons learned, which can inform the design of
future systems. For each lesson, we will give appropriate context, discuss our initial approach,
present our observations about its behavior, and conclude with our revised approach.

3.10.1 Using Poisson Arrivals in the Workload Forecaster

3.10.1.1 Context

The Spinup Scheduler aims to schedule promising cluster spinups, which can reduce AutoSLO’s
online reaction time to workload peaks in the following period (day) and ensure uninterrupted
SLO adherence. This requires some forecast of what the workload will look like in the day
ahead, which is the responsibility of the Workload Forecaster. In particular, to schedule cluster
spinups in a robust manner, we would ideally need multiple such forecasts, derived in a diverse
manner; this would reduce overfitting to the specific details of each forecasted workload.
Generating accurate database workload forecasts can be very challenging, as evidenced by
the existence of an entire subfield of study [61, 74, 83, 93, 99, 137].

However, unlike other applications of workload forecasting, our use of forecasts has a
much higher error tolerance. All the Spinup Scheduler does is accelerate responsiveness by
making additional capacity available ahead of time, a very coarse-grained decision; the Query
Router and Autoscaler remain capable of adjusting resources and routing to meet the SLO
based on the actual observed workload. Therefore, even if the workload forecast is somewhat
inaccurate (e.g. in terms of the exact timing of some queries), the online components are
capable of handling the real load as it appears. All the forecasts need to do is capture
coarse-grained workload trends to drive pre-provisioning decisions.

3.10.1.2 Initial Approach

Throughout this project, we assume that the only information available to the Workload
Forecaster is the past workload faced by AutoSLO. In practice, additional information may be
readily available and highly useful (e.g. a list of pre-scheduled recurring ETL jobs), but we
make this looser assumption to broaden the applicability of AutoSLO. Therefore, a tradeoff
immediately emerges: how much of the past workload history, and in what form, should
AutoSLO retain (in the Workload Reservoir) to support workload forecasting? A more detailed
history could support more elaborate forecasting techniques, but it would raise the storage
footprint and the risk of overfitting.
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Given the relative error tolerance of this domain, our initial approach focused on just
storing and sampling query texts. Compared to the description in Sections 3.7.1–3.7.2, this
initial approach lacked the arrivals table, retaining no intra-hour timing information about
query arrivals. Instead, the downstream Workload Forecaster sampled an appropriate total
number of queries for each hour (based on the day of the week), using recency weighting
like the one described in Section 3.7.2. It then simply issued the queries within each hour
according to a Poisson process with the specified total number of arrivals.

3.10.1.3 Observations

Even though our initial approach generally matched the coarse-grained intensity of the
workload, as designed, we found that it was not sufficient to support the Spinup Scheduler in
its decision-making. This became apparent by comparing the scheduled spinups determined
using forecasted workloads, to the scheduled spinups that the Spinup Scheduler would have
chosen if given oracle advance access to the true workload for a target day: oracle access to
the true workload led to more aggressive scheduled spinups, with more clusters of larger sizes.

By diving deeper into the choices of the Spinup Scheduler, we quickly discovered the
cause of this discrepancy: our Poisson-process-based arrivals model did not capture bursty
load spikes in the workload, which were responsible for most of the SLO violations. Only
capturing the overall workload pressure within each hour was not sufficient to recreate the
high-contention regimes of the real workload that posed the highest SLO violation risk.

3.10.1.4 Revised Approach

In response to our observations, we revised our workload forecasting approach to the version
currently described in Sections 3.7.1–3.7.2. In particular, introducing the arrivals table as a
source of representative interarrival times ensured that our forecasted workloads included
realistic bursts, matching the real workload patterns. This selective increase in the fidelity of
the forecast helped the Spinup Scheduler make better decisions, contributing to the overall
high performance of the Policy Tuner, as presented in Section 3.8.7.

Lesson 3.1

Even though our domain tolerates coarser workload forecasts, preserving workload intensity
spikes is necessary to correctly assess SLO risk.

3.10.2 Overpredicting Latency to Conservatively Meet SLOs

3.10.2.1 Context

Database query latency prediction is a highly challenging task, as evidenced by the wealth of
related work [6, 8, 67, 94, 142, 232, 234, 235, 249, 264, 271]. For SLO-aware Multi-Cluster
Workload Management (Problem 3.3) in particular, we are highly sensitive to the absolute
quality of predictions, because we plan to compare them to the values of the SLOs.

This is not always the case. For example, consider the domain in which Iconq [235]
was proposed: single-cluster query scheduling. There, latency predictions were used to help
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determine whether it is better to submit a query q for execution now, or to queue it and wait.
To support this decision, the authors compared the predicted latency of q in each of these
two scenarios. In this domain, all that matters is getting the directionality of the comparison
right, so that you are led to the right decision. It does not matter if both predictions are
off by a factor of 10, as long as their total order is the same. The same is true in every
domain where query latency predictions are only compared to each other; for example, when
comparing the predicted performance of two possible plans during query optimization. That
is why query optimizer “costs” can be in arbitrary units.

In our domain, however, we would like to use latency predictions to help the Query
Router decide whether submitting query q to cluster c will meet q’s SLO. This determination
is sensitive to the absolute error in each latency prediction, since there is now a concrete
threshold to compare latency to; it is not enough to get the directionality of inter-prediction
comparisons correctly. However, tweaking the model to “focus on reducing absolute error” is
non-trivial. Query latencies span several orders of magnitude, so penalizing absolute error
during training can easily yield a model that just focuses on predicting the long-running
queries correctly, in order to shave off the largest amount of absolute error seconds.

3.10.2.2 Initial Approach

Focusing on properly supporting SLO-aware query routing, our initial approach to dealing
with the “threshold comparison” problem was based on the following observation: the two
directions of prediction error are not made equal. In particular, according to Problem 3.3,
meeting the SLO is our primary consideration for each query, with cost concerns only coming
into the picture later. This means that overpredicting the latency implied by a particular
cluster/neighbor environment is preferable to underpredicting it. Overprediction will simply
force us to prefer a less loaded/larger cluster, increasing cost but improving SLO adherence.
However, underprediction could lead to overly optimistic query routing and SLO violations.

Based on this reasoning, our initial approach modified the training of the Latency Predictor
to target a high percentile (e.g. p90) of the latency distribution. That is, instead of rewarding
predictions that were correct on average, we rewarded predictions that were higher than
the ground truth most of the time. We hypothesized that such a model would lead to more
conservative routing decisions than a perfect model, but that it would avoid SLO violations.

3.10.2.3 Observations

Indeed, for the purposes of query routing, a model trained with a quantile-based objective
performed as expected, producing conservative routing decisions with low SLO violation
rates. However, the picture soon became more complicated, when attempting to use the same
model in other components of AutoSLO, most importantly the Workload Simulator.

The key obstacle has to do with the input featurization of Iconq (Section 3.4.1): an
interaction feature vector for each of the neighbors of target query q. In an online routing
setting, Algorithm 3.1 can exactly observe the neighbor sets of each query it needs to predict
the latency of: for the incoming query, each running query is a neighbor; for each running
query, we know its past neighbors and we add the incoming query. However, when using the
Latency Predictor to drive the Workload Simulator by treating predicted latencies as true, we
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introduce a feedback loop: mispredicting the latency of q1 affects whether it overlaps with q2,
altering the neighbor set of q2; now the inputs to the latency prediction of q2 are different,
changing the prediction itself; this in turn affects whether q2 overlaps with q3; and so on.

Clearly, this problem can get much worse if we introduce a systematic latency overpredic-
tion bias. Now, every query seems to run for longer, collecting more neighbors (with later
arrival times) and appearing to be itself a neighbor of more future queries. This feedback loop
can completely derail the fidelity of the simulation and the decision-making of the components
that use it (the Spinup Size Selector and the Batch Simulator).

3.10.2.4 Revised Approach

Based on the observations above, we concluded that a quantile-based objective was unsuitable
for training our Latency Predictor. Instead, we would have to find alternative ways to reduce
the absolute error of our predictions, while keeping all of the use cases of the Latency Predictor
in mind. These considerations were important factors in introducing the censored observation
handling detailed in Section 3.4.3, so as to increase the signal obtained from our training
data and improve model predictions in environments of partial neighbor observability.

Lesson 3.2

When reusing models across the system, we need to carefully consider how the failure
modes of each component are different.

3.10.3 Basing the Spinup Size Selector on Counterfactual Simulation

3.10.3.1 Context

The Spinup Size Selector helps AutoSLO adjust the active cluster set in response to recent
workload performance, as described in Section 3.3. At a high level, in order to recommend a
size for the future cluster, the Spinup Size Selector needs to compare the predicted performance
of different cluster size options. When collecting data for this comparison, there is a tradeoff
to manage: on the one hand, using the Workload Simulator to assess the impact of the new
cluster over a longer period can provide a more accurate picture; on the other hand, it can
slow down decision-making and allow forecasting and latency prediction errors to compound.

3.10.3.2 Initial Approach

We initially designed the Spinup Size Selector to invoke the Workload Simulator in a coun-
terfactual manner: it virtually “rewound” workload execution to the start of the current
Arrival Window (i.e. w seconds ago, see Section 3.6.1), posited the existence of an additional
cluster of a given size at that point in time, and then simulated forward from that point until
the present. After performing this simulation for each candidate size for the new cluster, it
compared their achieved SLO violation rates and costs and selected the best one according
to BestWithTarget. The operation of this design roughly corresponded to the following
principle: we are in a bad position now; what would have been the best action w seconds ago
to avoid reaching this point?
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This approach provided two important benefits: (i) different scaling actions were compared
using actual recent query arrivals, accurately reflecting recent workload trends; and (ii) the
length of the simulation for each cluster size could be precisely controlled through w and was
the same across candidate sizes, offering stable simulation performance.

3.10.3.3 Observations

When evaluating the initial design of the Spinup Size Selector in earlier versions of the
experiment of Section 3.8.5, we observed a concerning outcome: once new clusters were spun
up, they gave rise to an oscillatory effect that prevented AutoSLO from converging to a steady
SLO-compliant state.

In particular, when the Spinup Size Selector is invoked, the Spinup Trigger must have fired,
which implies that AutoSLO is already observing an elevated SLO violation rate. Since any
new cluster requires time δ to spin up and be added to the active cluster set (see Section 3.2.1),
additional load is likely to have accumulated in the system by that time. The new cluster will
then be called upon to help relieve this backlog. More precisely, once the new cluster joins
the active cluster set, it will initially appear as a very appealing routing target for the Query
Router, since existing clusters will have been burdened by dealing with the accumulating
query backlog. The new cluster is therefore likely to receive a significant fraction of arriving
queries right after it becomes available.

However, when selecting the size of the new cluster through counterfactual simulation,
there was no accounting for such an accumulated query backlog; instead, the size was chosen
based on the preventative effect it would have had if available in the past. Because of this,
we observed that the chosen cluster sizes were generally too small to successfully absorb the
load placed on them right after they became available. Instead, this load soon overwhelmed
the new cluster, making the pre-existing clusters (partially caught up with their own load
in the meantime) attractive routing targets in turn. This cycle continued while the system
traffic remained elevated, causing a high SLO violation rate in the process.

3.10.3.4 Revised Approach

Despite the benefits of our initial approach, the oscillatory effect described above led us to
reconsider the Spinup Size Selector design and eventually arrive at the current approach, as
described in Section 3.6.3. Instead of taking a counterfactual view, this approach explicitly
simulates the future development of the query load in the system, capturing the presence
and effect of a possible query backlog. In essence, it asks the relevant question directly: we
are in a bad position now; how do we best get out of it?

This new design has two drawbacks, each the flip side of one of the benefits described in
Section 3.10.3.2. First, assuming that the Arrival Window will keep repeating identically is
unlikely to be a completely accurate short-term forecast. However, in practice it serves as a
satisfactory approximation and encourages the Spinup Size Selector to pick more appropriate
cluster sizes. Second, the length of the simulation is now undefined; how far into the future
should we simulate? This conundrum is addressed by introducing the parameter µ, as
discussed in Section 3.6.3, leading to a practical revised design.
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Lesson 3.3

Reactive decisions need to account for their own trigger, not just steady state.

3.10.4 Collecting Training Data Using Uniform Workloads

3.10.4.1 Context

In order to train our Latency Predictor, we needed to collect training data that provides
sufficient coverage across the different domains the model may encounter in practice. In
particular, it was important to provide the model with observations of different cluster sizes,
different query features, and different mixes of concurrent neighboring queries.

3.10.4.2 Initial Approach

For training data collection purposes, we constructed the BaseWorkload(λ) described in
Section 3.8.1.2 by simply shuffling the TPC-DS queries and issuing them according to a
Poisson arrival process with a variable rate λ (in queries per second). This approach provides
a family of workloads that is well-aligned with existing benchmarks familiar to our community,
while providing enough flexibility to enable diverse workloads for model training.

Alongside the ability of λ to control the arrival rate of workload queries, we were also
interested in generating workloads with varying query mixes. We achieved this by constraining
the variety of TPC-DS query templates, as well as the variety of unique query texts per
template, present in each workload.

Based on the considerations above, we generated eight training workloads and executed
each of them on Amazon Redshift Serverless workgroups of four sizes: 4 RPU, 8 RPU, 16
RPU, and 32 RPU. The eight workloads were derived as a cross product of three parameters,
each with two options: (i) the number of TPC-DS templates Ntemplates in the workload (66 or
99); (ii) the number of distinct query texts Ntexts per TPC-DS template (2 or 3); and (iii) the
arrival rate parameter λ (0.1 or 0.05). We then derived training, validation, and testing splits
from these 32 workload runs, on which to train and evaluate our Latency Predictor.

3.10.4.3 Observations

Even though our initial workloads nominally provided good coverage of the design space, we
observed certain regimes of low performance for the resulting Latency Predictor, which we
eventually traced back to the patterns of query load observed during training.

First, we observed a correlation between the cluster size and the distribution of the number
of neighbors of each query. Smaller-sized clusters were generally underpowered for the training
workloads, leading to significant contention during query execution and ultimately yielding
training data points where each query was more likely to have a large number of neighbors.
For large clusters, we observed the opposite extreme: queries generally completed faster,
so that most training data points reflected queries with only a handful of neighbors. This
correlation meant that the Latency Predictor was under-trained on instances of low contention
on small clusters and high contention on large clusters, both of which are valuable regimes
during its regular operation as part of the Query Router and Workload Simulator.
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Second, due to the regular pattern of arrivals in each of our training workloads, there were
limited opportunities to observe cluster behavior under sudden workload peaks or “drain”
regimes, where backlogged queries gradually complete and free up resources during a period
of lower arrival intensity. Since arrivals in each workload were only governed by a single
Poisson process, there were two predominant behaviors: either a given cluster size was “large
enough” for a given workload, whereby queries completed in a timely fashion and the system
saw no real instances of high contention; or it was not large enough, which led to the cluster
being increasingly overwhelmed as more queries started piling up.

3.10.4.4 Revised Approach

In response to these observations, we extended our training set in two ways. First, we
collected training runs using larger values of λ, namely λ ∈ {0.2, 0.5, 1.0}, albeit for a fixed
combination of Ntemplates = 99 and Ntexts = 3. These workloads were successful in providing
training examples with higher neighbor counts for large cluster sizes, allowing the Latency
Predictor to learn the behavior of large clusters in this regime. For smaller cluster sizes, these
runs led to even worse contention and overall slowdown; however, thanks to our support
for censored observations (see Section 3.4.3), these training runs were still able to provide a
wealth of training examples.

Second, we collected data using “phased” versions of the BaseWorkload, with the parameters
discussed in Section 3.8.3.2. Near phase boundaries, these workloads were able to provide
training examples that show system behavior under unexpected peaks and lulls, improving
the accuracy of the Latency Predictor as shown in Figure 3.7a.

Lesson 3.4

Training data collection can introduce confounding or selection biases; it is important to
mitigate them to ensure high accuracy across the board.

3.11 Conclusion

We presented AutoSLO, a framework for cost-efficiently meeting latency SLOs on a multi-
cluster cloud data warehouse, consisting of a proactive Policy Tuner that plans infrastructure
scaling, a reactive Autoscaler that adjusts resources based on workload fluctuations, and an
online Query Router that reacts to concurrent load. We showed that these components can
work together to successfully meet latency SLOs of varying strictness, reducing cost by a mean
of 26.4% compared to the per-scenario next-best baseline on realistic Redbench workloads.
Component-level evaluations showed that the Query Router and Autoscaler respectively reduce
SLO violation rates by a mean of 47.8% and 93.7%, relative to their corresponding alternatives.
Finally, we showed that the Policy Tuner can reduce the SLO violation rate by a mean of
44.6% using a single day of workload history, and that each component is efficient given its
intended operating timescale.
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Chapter 4

Synthesis and Research Outlook

Chapter 1 introduced the abstraction gap and three principles for traversing it. In Chapters 2
and 3, we leveraged these principles to design and implement systems bridging this gap in
opposite directions. In this chapter, we will first demonstrate how diagnosis and management
can interact through a case study connecting LOGos and AutoSLO. We will then situate this
thesis within concurrent trends and propose future research directions.

4.1 Case Study: Diagnosing AutoSLO with LOGos

We begin by exploring one way of bridging LOGos and AutoSLO by using the former to
diagnose the behavior of the latter, examining whether operational evidence produced during
performance management can support a useful causal investigation. In particular, we apply
LOGos to the logs generated by AutoSLO during the April 15, κ = 4 experiment from
Figure 3.6c, with the goal of investigating the remaining observed SLO violations.

The resulting log contained 17,399 records spanning 1,356 completed queries. The
recorded events included query arrivals and completions; query-routing decisions, including
the selected cluster size and the number of queries running at routing time; and latency
predictions generated when a query was routed or when a new neighbor joined its cluster
during execution. We augmented these records with each query’s observed latency, applicable
SLO, and query-plan features, and treated each query as one causal unit. We then applied
the interactive components of LOGos to investigate the causes of the observed SLO violations.

4.1.1 Causal Investigation

What causes SLO violations? We began from the high-level outcome variable experienced
by an AutoSLO user: whether each query q violated its SLO. We call this variable V . The
Candidate Cause Ranker suggested two candidate causes of V based on log data: a query’s
absolute observed latency (L), and its observed latency relative to its SLO (Lrel). Both
of these are correctly identified as plausible causes: L may cause V since, all other things
being equal, a longer query is probably more likely to violate its SLO; and Lrel causes V by
definition, since a query violates its SLO if and only if Lrel > 1.
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(a) Causal graph before refinement.
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(b) Causal graph after refinement.

Figure 4.1: When applied to logs from AutoSLO, the Interactive Causal Graph Refiner solicits a
judgment that exposes the dual influence of N on the observed SLO-normalized latency Lrel.

Faced with this ranking, we initialized our causal graph with the edge Lrel → V . While
this is an unsurprising causal relationship, it allows our investigation to move from a binary
symptom to the continuous performance quantity that underlies it. This continuous quantity
is likely to be better quantifiable based on other observed variables.
What causes high SLO-normalized latency? We then continued our investigation by
invoking the Candidate Cause Ranker on Lrel in turn. This time, LOGos was able to surface
a more interesting set of candidate causes. Among the top candidates it exposed three
variables that we know are indeed causes of Lrel based on our knowledge of the architecture
of AutoSLO: (i) N , the number of queries that were already running on the cluster c that q
was routed to when q arrived; (ii) Irel, the initial prediction of q’s latency at the time of its
routing, relative to q’s SLO; and (iii) Urel, the latest update to q’s predicted latency relative
to its SLO, produced when q′ was routed to c, where q′ is the neighbor of q that arrived last.

Understanding how N may influence Lrel is easy: already-running queries will contend
with q for cluster resources, so they can clearly affect Lrel. However, assessing Irel and Urel as
candidate causes requires careful interpretation. At first glance, latency predictions (whether
initial or updated) do not physically influence the execution of a query q, so we may be
tempted to discredit them as causes of its latency. What latency predictions do influence,
though, are routing decisions: the initial prediction Irel was used by the Query Router to
select c as the cluster to execute q on, while the updated prediction Urel was used by the
Query Router to select c as the cluster to execute q′ on, as part of assessing the SLO-violation
risk posed to q by q′. Both of these decisions affect the amount of resources available for q’s
execution and its ultimate observed latency.

Based on this reasoning, as shown in Figure 4.1a, we added three new edges to our emerging
causal graph: N → Lrel, Irel → Lrel, and Urel → Lrel. Note that the edges Irel → Lrel and
Urel → Lrel are meant as compact representations of the routing-policy-mediated relationships
described above. A more detailed causal graph could explicitly represent the features used
by the Latency Predictor, the routing decision, and the selected execution environment as
intermediate variables. However, since such variables are not explicitly logged, LOGos
successfully identified the latency predictions associated with q as proxies for the routing
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decisions that involved q directly or indirectly. This reflects a common situation in real-world
logs, where the quantity of interest may be missing or hard to explicitly include in a log, but
identifying informative proxies can still be valuable for moving an investigation forward.
Initial ATE estimate. Under the initial graph of Figure 4.1a, LOGos estimated that a unit
increase in Irel implies an increase in Lrel of approximately 0.65 units. While the exact value
of this estimate may only offer limited actionable paths forward, it shows three things:

1. The value is positive, meaning that a higher initial SLO-normalized latency prediction
corresponds on average to a higher observed SLO-normalized latency; this confirms
that our initial latency predictions are directionally consistent with observed latencies.

2. The value is below 1, meaning that there are mitigating factors at play influencing
the final observed latency. Based on our knowledge of the architecture of AutoSLO, this
makes sense: a higher initial latency prediction for q may discourage future queries from
being routed to the same cluster c, which can ultimately translate to more resource
availability for q and a more timely completion.

3. The value itself serves as a baseline for future comparisons, as we will see below.

Refining the causal graph. Having obtained reasonable candidate causes using the
Candidate Cause Ranker, we next moved to the Interactive Causal Graph Refiner. In particular,
we invoked it to determine causal graph refinements that could have a large impact on
ATE(Irel, Lrel), which we discussed above.

In response to our request, the Interactive Causal Graph Refiner solicited our judgment
with respect to the following causal graph edge: N → Irel. Such an edge, if present, would
imply that the number of queries that are active on c at the time of q’s routing influences the
initial prediction of q’s latency. Based on our knowledge of the Latency Predictor, this edge
should indeed be present: Iconq+ bases its latency predictions in part on the neighbors of the
target query, which are used to form the interaction feature vectors. As such, we accepted
the addition of this edge, leading to the graph in Figure 4.1b.

Note that adding N → Irel has now revealed N as a common cause of both Irel and Lrel,
confounding the effect of the former on the latter. This is indeed a relationship that makes
sense within AutoSLO: more neighbors at routing time not only imply direct competition for
resources affecting observed latency, but also influence the latency prediction, which informs
subsequent routing decisions and the additional resource contention they may introduce.
Updated ATE estimate. Indeed, after moving to the graph in Figure 4.1b, LOGos updated
its estimate of ATE(Irel, Lrel) from 0.65 to 2.44. That is, if we adjust for the number of
queries running on c when q arrives, the initial SLO-normalized latency prediction for q affects
its observed latency much more, indicating that routing-time concurrency was suppressing
this relationship in the original graph. This is in line with our earlier discussion of the
influence of the initial prediction on subsequent routing decisions. Higher initial contention
may have been causing the Query Router to avoid c, partially offsetting the risk to q’s SLO
compliance; once we adjust for initial contention, we remove some of this “protective” effect,
unearthing a stronger relationship between predicted and observed SLO-normalized latency.
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4.1.2 Discussion

This case study provides a qualitative proof of concept for connecting the two systems.
Starting from an application-level outcome of interest (i.e. SLO violations), LOGos correctly
surfaced relationships involving the Latency Predictor, the Query Router, and the concurrency
experienced by incoming queries. In particular, it exposed how routing-time load can affect
observed latency both directly, through resource contention, and indirectly, by influencing
latency predictions and subsequent routing decisions. Accounting for this dual role materially
changed the estimated effect of the initial SLO-normalized latency prediction (Irel) on the
observed SLO-normalized latency (Lrel).

This case study also illustrates how the three design principles of Chapter 1 can apply
across the boundary between performance management and diagnosis, rather than only
within each project. First, according to Principle 1, our high-level diagnostic intent scoped
the model: focusing on SLO violations allowed us to construct only a small relevant part of
the overall causal graph, covering only the relevant mechanics of AutoSLO. Second, according
to Principle 2, our feedback was solicited and integrated to refine this partial model; we used
our architectural knowledge of AutoSLO to confirm the relationship between the number of
running queries at routing time and the initial latency prediction, adding an edge to the
causal graph. Third, according to Principle 3, the Interactive Causal Graph Refiner prioritized
this particular judgment because it was expected to materially affect the ATE, reflecting the
key fact that AutoSLO’s Latency Predictor is concurrency-aware.

This limited investigation does not constitute a definitive account of all remaining SLO
violations in AutoSLO, nor does it necessarily establish that initial prediction error is their
sole or primary cause. However, it does motivate further investigation into the sensitivity
of the Latency Predictor’s performance to concurrent load. Since the Query Router relies on
these predictions to make routing decisions, systematic errors under particular concurrency
regimes could help explain why some violations remain, as we also saw in Section 3.10.4.

4.2 Concurrent Developments and Trends
Section 4.1 outlined one concrete path forward based on the contributions of this thesis: a
closed diagnostic and management loop, where the management system records its observa-
tions, predictions, and decisions in logs; the diagnostic system uses this evidence to identify
relationships that may explain undesirable high-level outcomes; and the resulting insights
guide the development of the next generation of the management system. Realizing this loop
requires answering broader questions about what evidence the management system must
preserve, how its models should be refined as system state evolves, and how the impact of
possible refinements and actions can be estimated reliably.

Before we explore such questions in more detail in Section 4.3, we now briefly discuss
relevant trends from academia and industry that were observed concurrently with the
development of this thesis: expanding the purview of performance diagnosis, raising the
abstraction level of performance management, and increasingly tapping AI-driven reasoning
for diagnosis and management alike. Understanding these trends is crucial for situating the
contributions of this thesis within the broader literature and building on them effectively.
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4.2.1 Expanding the Purview of Performance Diagnosis

An extensive line of work has shared the goal of our work on LOGos, focusing on automatically
extracting insights from the telemetry of complex systems. Recent advances in this domain
have generally focused on one of two things: expanding the coverage of diagnostic systems by
allowing them to reason over more information, or enhancing the robustness of these systems
so that they can still extract insights despite this expanded input space.

In the former category, TracEx [68] supports analyzing and comparing detailed database
execution traces through common abstractions and a corresponding user interface, unlocking
cross-domain workload understanding and comparison. RCRank [168] instead explicitly
focuses on supporting multimodal operational evidence (e.g. CPU readings and query plans)
to rank candidate causes for slow queries. Finally, DBDoctor [228] expands what gets
monitored in the first place, leveraging eBPF (Extended Berkeley Packet Filter) technology
to collect event-driven rather than sampling-driven metric observations.

In the latter category, BALANCE [38] focuses on root cause analysis from operational
time-series traces, using a Bayesian multicollinear feature selection (BMFS) model to promote
sparsity in candidate cause selection (similar to how the Candidate Cause Ranker in LOGos
uses LASSO to also promote sparsity). Yan et al. [242] propose a Siamese Discrepancy
Network (SDN) that can more accurately identify anomalous metrics, even if anomalous
events are rare in training data, precluding the training of other model classes. RT-Log [108]
focuses on improving the robustness and transferability of log anomaly detection by learning
environment-invariant representations.

Our diagnostic system, LOGos, also reflects these two concurrent trends. On the coverage
side, we explicitly focus on the values of log-derived variables and their aggregates, rather
than the coarser focus of earlier work on log templates. On the robustness side, we build our
framework around causal inference techniques, improving quantitative diagnosis by enabling
principled reasoning about the complex causal relationships present in a modern system. At
the same time, the continued expansion of diagnostic evidence makes the scoping problem
underlying Principle 1 increasingly important: broader coverage can improve diagnosis,
but attending to every available signal can also introduce noise and end up exposing the
complexity that a higher-level diagnostic interface is intended to hide.

4.2.2 Abstracting Away Performance Management

A parallel thread of concurrent work has been underway on the performance management side.
Again, we can broadly understand these advances through two (non-exclusive) trends: an
abstraction trend where an increasing share of configuration and management responsibility
shifts to vendors, and a coupled usability trend that aims to align system interfaces and control
mechanisms with the infrastructure realities and performance needs of real users. Put another
way, the former trend makes it possible for vendors to offer automated objective-oriented
resource management; the latter makes it possible for users to specify these objectives.

As part of the abstraction trend, cloud database products have continued to move towards
a “serverless” paradigm, unlocking new opportunities for efficient resource sharing. As
an illustrative example, Amazon Aurora redesigned managed PostgreSQL/MySQL for the
cloud in 2015 [27] and had already introduced autoscaling as “Aurora Serverless” in 2018–
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2019 [26, 102, 178]. However, in 2025, Amazon moved even further towards automated resource
management by releasing the more flexible resource-disaggregated Aurora DSQL [12, 32].
Academic work over the same period has contributed even higher-level abstractions that could
enable more under-the-hood optimization, such as Virtual Database Engines (VDBEs) [250].

As part of the usability trend, the focus has been on specifying, modeling, and enacting
the users’ desired cost-performance tradeoffs. Zhang et al. [257] argued for the importance of
so-called “cost intelligence”, identifying the challenges for its realization. Some works focus
on coarse-grained SLO maintenance, such as BRAD [249], which optimizes for workload-level
SLOs while cost-efficiently juggling multiple database engines. Other works take a more
invasive approach, modifying the query engine internals. Tao [130] proposed decomposing
SQL operators into tasklets (coroutine-based execution units of the physical plan), which are
then scheduled in an SLO-compliant manner based on a token bucket model. Accordion [262]
exposed intra-query parallelism as an adjustable knob during query execution, enabling
real-time cost-performance decisions.

The development of AutoSLO to address the SLO-aware Multi-Cluster Workload Manage-
ment problem (Problem 3.3) is integrally related to these two trends. This problem is only
solvable because the abstraction trend has made resource disaggregation the norm, contribut-
ing the “multi-cluster” piece. It is also timely because the usability trend has highlighted the
important role of SLOs, contributing the “SLO-aware” part. More generally, these trends
show that narrowing the abstraction gap requires work on both sides of the interface: systems
must expose a sufficiently rich space of actions, while users must be able to express their
objectives at an appropriate level of abstraction, so that an automated management system
can navigate that action space effectively.

4.2.3 Integrating AI-Driven Reasoning

System diagnosis and performance management have each given rise to rich bodies of
literature. The rapid advent of large language models (LLMs) and the software layers built
upon them, such as AI agents, has accelerated each of these research directions, blurring the
distinction between diagnosis and management. Rather than dealing with targeted diagnostic
or management tasks, these LLM-based systems contain a more general reasoning layer that
can (to varying extents) consume heterogeneous operational information, invoke specialized
tools, draw on internal or external knowledge, and propose subsequent actions.

The potential of LLMs for system diagnosis became evident very quickly. Large language
models can not only provide a natural-language interface that shrinks the abstraction gap,
but also act as powerful reasoning orchestrators that can quickly prune and combine large
amounts of evidence. In this vein, Panda [200], D-Bot [270], and Andromeda [40] each
proposed architectures for integrating publicly available system-related knowledge (e.g. from
manuals or documentation) with scenario-specific signals (e.g. performance telemetry), in
order to compose in-context root cause diagnoses for observed database system problems.
More recent works have continued to refine this paradigm, optimizing knowledge retrieval and
representation to improve accuracy and operational efficiency. For example, DBAIOps [269]
structured operational knowledge as a knowledge graph, combining this representation with
anomaly detection models and reasoning LLMs to construct diagnostic paths and generate
root-cause analyses for observed issues.
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As the reliability of such LLM-driven diagnostic tools improved, a parallel class of system
management tools also emerged. While their architectural patterns are similar to those
of diagnostic tools, these management tools do not help with a particular failure; instead,
they generate recommendations from “steady-state” inputs such as workload and system
descriptions. For example, GPTuner [123] used LLMs to construct a documentation-based
search space for configuration tuning, developing a more conventional Bayesian optimization
framework to prune and explore this space. Rather than tuning individual knobs, λ-Tune [77]
instead cast the problem as efficiently generating a bounded set of complete configurations,
which were then evaluated and compared on the actual workload. With the rise of agentic
architectures, systems like AgentTune [127] experimented with decomposing the configuration
task into multiple smaller tasks, such as workload analysis or search-space pruning, each
assigned to a separate agent. Other works tackled the partially orthogonal problem of
structured reasoning over even more diverse inputs; for example, SysInsight [260] argued for
combining LLM reasoning with static analysis of the DBMS source code.

While all of these advances are undeniably exciting, they all underscore the same challenge:
LLMs (and agents built upon them) provide a very powerful reasoning core, but bridging this
core with the real world requires significant system building. The work of this thesis supplies
elements that can be integrated into this emerging peri-LLM fabric. On the diagnostic side,
LOGos offers an interactive mechanism for drawing causal conclusions from log data; while
developed for expert human users, agents could also leverage the same mechanism to extract
grounded signals from logs. On the performance management side, AutoSLO offers an efficient
control loop for maintaining performance objectives; the same loop can become part of an
AI-designed or AI-operated system, with agents selecting the performance objectives based
on higher-level reasoning and communication with the end (human) users.

4.3 Future Research Directions
Informed by the work of this thesis, as well as the concurrent trends we presented in Section 4.2,
we will now discuss four research questions that can help narrow the abstraction gap further.
Each question can be explored through concrete future work building on this thesis.

4.3.1 Maintaining Representations for Online Diagnosis

As we saw in Section 4.2, automated system observability and fault diagnosis platforms are
generally converging to the following philosophy: collect as much data as possible, and let
AI-assisted reasoning prune and integrate it. Our first research question therefore emerges:
how can we best distill this continuous stream of incoming data into task-specific, evolving
system representations that human or AI operators can use efficiently? In order to leverage
LOGos to answer this question, there are at least three possible research directions to explore.
Dealing with Selection Bias in Log Generation. As discussed in Section 2.10.1, log
messages are generated using a “push” model based on exercising particular code paths or
triggering certain events. This means that the presence or absence of particular log messages is
itself a signal about the operational health of the system, which could inform a diagnosis. For
example, under heavy load, the logging infrastructure may also suffer and provide degraded
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observability into what is happening in the system, as evidenced by less frequent or delayed
log messages. Going one step further, deciding whether and how to introduce additional
logging infrastructure could help detect previously undocumented problems. In a world of
“more is more” when it comes to operational data collection, harnessing the selection bias
implied by what gets logged could be a valuable additional source of evidence.
Updating the Causal Graph Online. In Chapter 2, we focused on answering a specific
causal question. However, for a production system, it is more realistic to assume a stream
of questions as the system evolves. This requires two forms of online maintenance. First,
for a given partial causal graph, one can develop techniques for efficiently ingesting new log
data online. This can keep the expected quantitative effect of different interventions in line
with the latest observations. Second, the structure of the causal graph may itself need to be
updated based on the evolution of the system. For example, a new update may introduce or
break causal relationships. New techniques could detect drift in estimates of key causal effects
and notify the user (human or AI), so that they can potentially revise the causal graph.
Applying Causal Inference Over Multimodal Signals/Metrics. Finally, in the current
iteration of LOGos, we based diagnoses solely on text logs and user judgments. However,
there may be other information that could help paint a more accurate picture of both the
slowly evolving system architecture and the instantaneous condition of a deployment. For
example, one could rely on structured observability metrics, bug reports and associated
tickets, internal documentation about the system, or even user discussion forums, as recent
LLM-driven systems have done [40, 123, 270]. Integrating these capabilities with the causal
machinery of LOGos could lead to better-informed decisions across the system.

4.3.2 Meeting Diverse Objectives

As discussed in Section 4.2.2, system builders have been raising the level of abstraction of
their interfaces, allowing users to specify objectives in formats more closely aligned with their
true operational goals, while reserving enough flexibility under the hood to manage resources
in accordance with these objectives. AutoSLO demonstrated an effective system of this kind
for a particular class of objectives, namely latency SLOs in cloud data warehouses. A second
research question therefore naturally emerges: how can we generalize the lessons of AutoSLO
to help meet diverse user objectives? Concretely, there are at least three paths forward.
Supporting Different SLO Types. In Chapter 3, we focused on per-query latency SLOs,
possibly derived from coarser query collections (e.g. a particular workload). However, major
organizations may also use different types of SLOs. Some workloads may consist of recurring
queries that need to be completed by a certain deadline, like nightly ETL jobs. Another class
of workloads may instead be cost- rather than latency-sensitive, like a data science team
needing to operate within a specific budget, even if performance suffers slightly. Extending
AutoSLO to support these alternative SLO types would require new forecasting and modeling
techniques in order to determine the best submission times for deadline-driven queries and
the per-period budget allocation under a longer-term budget ceiling.
Suggesting and Refining SLOs. No matter the exact type of SLO, it could be that a
slight reconsideration could lead to non-negligible benefits. For example, relaxing the SLO for
queries in a dashboarding workload from 20 ms to 23 ms could mean that a smaller cluster
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would be sufficient to handle it. Put another way, the current formulation in Problem 3.3
concerns whether each query meets its SLO, without quantifying how close the observed
latency is to the SLO value (in either direction) and the opportunities such closeness may
imply. In this vein, one could extend AutoSLO so that it also helps refine the user-provided
SLOs. By using the workload history to analyze latency trends across different contexts, the
system could suggest revised SLOs when attainable at a significantly lower cost. Previous
work has studied part of this problem in the context of allocating a number of containers to
each query [165, 167] and could serve as valuable inspiration.
Expanding the Action Space. AutoSLO currently focuses on two types of actions:
routing queries and spinning up/tearing down clusters. However, in order to meet arbitrary
performance objectives, one could consider a broader arsenal of actions. For example, one
could implement vertical resizing of existing clusters, internal queuing/reordering, cache-
aware query routing and cache pre-warming, or query preemption. Supporting additional
action types could lead to significant improvements in the capabilities of the performance
management system. However, new techniques would be needed to accurately and efficiently
assess the tradeoffs that each new action type implies.

4.3.3 Operating in Uncertain Environments

The complexity of modern systems has motivated both this thesis and the three principles
introduced in Section 1.1. Such systems give rise to similarly complex internal states: for
example, query execution conditions may never be exactly replicable when resources are
virtualized; different software components may be updated and patched at different times
and frequencies; and many relationships may be non-linear or non-monotonic to begin with.
When building models of such systems, for diagnostic or management purposes, we must
contend with a third research question: how can diagnosis and management remain reliable
and system models remain accurate when relationships can genuinely vary across operating
conditions? Two extensions of this thesis can pave the way to addressing this question.
Calculating Conditional Average Treatment Effects. Our current formulation in
Chapter 2 focuses on computing average treatment effects. However, some effects in real
systems may depend on the values of additional variables, which define different operational
regimes. For example, increasing the memory allocated to a query is not beneficial indefinitely;
once every intermediate and end result can fit in memory, additional allocated memory may
no longer affect query performance. In light of this observation, one could extend the causal
machinery in LOGos to support conditional average treatment effects [62], where the causal
influence among variables can be modulated based on the values of other variables. This
extension would require new interface support to avoid overburdening the user by requiring
an overly detailed system specification, but could be an important step towards ensuring the
generalizability of the constructed causal model.
Quantifying Latency Prediction Uncertainty. As discussed in Section 3.10.2, accurately
predicting query latency under contention is a challenging problem, especially when one
needs to compare it to fixed thresholds like SLOs. Even though our current Latency Predictor
is highly accurate, it only outputs a single value as the latency prediction, which is then
compared to the SLO. As such, any prediction error is directly collapsed into a binary yes/no
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decision. Instead, one could redesign the Latency Predictor to output uncertainty-aware
predictions, for example by predicting both the mean and standard deviation of the latency
for each input query. The main challenge with this approach is that uncertainty estimates are
often derived from repeated predictions under sampled model parameters, which can directly
increase inference latency. Additional work would be required to mitigate this problem, such
as selectively producing uncertainty estimates only when necessary.

4.3.4 Integrating Causal Diagnosis and Management

Finally, as discussed in Section 4.2.3, there is significant interest in closing the control loop
between performance diagnosis and management and moving towards a fully automated
system life cycle. As our case study in Section 4.1 showed, LOGos and AutoSLO can already
be combined to yield useful insights. Our last research question is therefore: how can we
integrate causal system modeling into a continuous system management and improvement
loop? One can pursue this direction in at least three ways.
Making Workload Management Causal. Going beyond merely using LOGos to interpret
the behavior of AutoSLO, as we did in Section 4.1, one could “close the loop” and use the
causal model maintained by LOGos to drive workload management decisions in the first place.
This can increase the robustness of decision-making when past observations are limited. For
example, we could make principled predictions about the performance impact of increasing
available memory from 32 GB to 64 GB based on the causal model, even if observations
using 64 GB are rare. One challenge with this approach is constructing and maintaining a
sufficiently detailed causal model across the boundaries of heterogeneous subsystems. The
key to making LOGos work was focusing on a particular causal question in the context of
a particular collection of logs, which allowed for the partial determination of the overall
causal graph. However, to support causal reasoning in the context of end-to-end workload
management, one may need to collect and maintain a significant amount of additional detail.
Improving the Design of AutoSLO. Alongside an “online” integration of the two systems,
an “offline” integration is also possible. In such an integration, one can use LOGos to improve
the design of AutoSLO over time, with or without directly leveraging causal reasoning for
SLO-related decision-making. In particular, one would use LOGos for periodic troubleshooting
over time, keeping track of the variables or events that tend to emerge as common culprits or
promising treatments during causal inference. One could then use these lessons to design
more effective components for AutoSLO. For example, the case study in Section 4.1 could
be used to motivate additional work on the Latency Predictor; after that work is completed,
repeating the same analysis may point us to the next bottleneck. Realizing this direction
would require care to avoid performance regressions and overfitting as both the underlying
data warehouse and AutoSLO evolve over time.
Refining the Causal Model in an SLO-aware Way. Finally, there are ways that
the performance management capability unlocked by AutoSLO could help collect data to
improve the causal model itself. In some of the causal inference literature [5, 69, 76, 216, 227],
controlled experimentation is used to selectively collect interventional data that maximally
reduce uncertainty about the causal model. For example, recent work proposes a Bayesian
factor-based intervention strategy to quantify the evidence strength in favor of different
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hypotheses regarding the presence of causal graph edges [227]. Normally, such approaches are
challenging to implement in a live production system, because the interventional experiments
can transiently hurt performance. However, one could use the SLO maintenance capability
of AutoSLO to intelligently select when to experiment, while also quickly reacting to any
adverse effects of this experimentation. Over time, this approach would help construct a more
complete causal model of the underlying data warehouse, which could support performance
diagnosis and counterfactual reasoning.

4.4 Closing Remarks
In this thesis, we began by observing that increasingly complex data systems contribute to
an abstraction gap. Although complexity provides new capabilities and greater flexibility, it
implies larger volumes of low-level operational evidence and similarly fine-grained control
mechanisms. Meanwhile, operators reason in terms of higher-level questions and objectives.
Therefore, fully reaping the performance benefits of a complex system in a cost-efficient
manner requires interfaces that can translate between these two levels of abstraction.

We presented two such complementary interfaces. With LOGos (Chapter 2), we investi-
gated how textual system logs can be used to answer causal questions. By selectively soliciting
human judgments only about the most impactful causal relationships, LOGos empowers oper-
ators to investigate undesirable behavior and assess possible interventions without requiring
them to construct or verify a complete causal graph of the system.

With AutoSLO (Chapter 3), we investigated the inverse problem of translating opera-
tional objectives into system actions. AutoSLO treats latency SLOs as first-class inputs
and meets them by coordinating query routing and cluster management decisions across
multiple timescales. In doing so, it preserves acceptable application-level performance while
minimizing cost, without requiring operators to manually translate their business-driven
latency constraints into system-related resource configuration specifications.

Although these two systems traverse the abstraction gap in opposite directions, they both
reflect the three common design principles introduced in Section 1.1: they scope modeling
based on operator intent, refine their models of the underlying system through feedback,
and prioritize reasoning effort based on its anticipated impact. As data systems continue
to grow in capability and complexity, continuing to pursue research directions like the ones
presented in Section 4.3 will be important for ensuring that the performance benefits of these
new systems do not come at the expense of our ability to understand and manage them.
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