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Abstract

Hyperparameter tuning is a critical component of modern machine
learning pipelines, as the performance and efficiency of many data
processing workloads depend heavily on the choice of hyperpa-
rameters. While most traditional tuning methods in the literature
assume static configurations, many hyperparameters benefit from
being adapted during execution.

While existing population-based tuning methods such as PBT
and PB2 implicitly exploit scheduling effects, they consider a flat
population of independent trials. As a result, they lack principled
mechanisms for branching executions, consideration of system-
level parameters for scheduling, and re-evaluation of configurations
under stochasticity.

We propose ForestTune, which addresses these gaps by mod-
elling the tuning process as a search over an ever-growing for-
est of executions. In ForestTune, schedules correspond to paths
through trees and are extended by sampling new configurations
from per-node Gaussian process surrogates. This structure enables
systematic exploration, adaptive scheduling, and principled reuse
of information across related executions.

We evaluate ForestTune on two popular deep learning work-
loads, spanning image classification (CIFAR-100) and graph neural
network training (OGB-Arxiv). Our results show that ForestTune
outperforms state-of-the-art methods due to its efficient exploration
of hyperparameter schedules and its resource-aware trial sched-
uling, reducing tuning time to comparable accuracy by up to 71%,
while providing an increase in final accuracy of up to 90%.
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1 Introduction

Modern deep learning workloads place extreme demands on train-
ing infrastructure, requiring systems that can efficiently utilise
parallel hardware while preserving optimisation quality. To meet
these demands, training is routinely executed on either multi-core
CPUs, GPUs, or distributed clusters, often employing asynchro-
nous parallelism to maximise throughput. While such techniques

improve hardware utilisation, they introduce complex trade-offs be-
tween system performance and algorithmic convergence, governed
by a growing set of interacting configuration parameters.

Many of these parameters — such as the degree of parallelism
and synchronisation strategy — directly affect optimisation dynam-
ics and final model accuracy. At the same time, learning algorithms
themselves expose additional parameters, including learning rate,
batch size, and momentum. Collectively, these hyperparameters
span both the algorithmic and system layers, and their values crit-
ically determine training time and solution quality [4, 18, 28–30].
Choosing appropriate hyperparameters is therefore a central chal-
lenge for efficient deep learning.

Traditional hyperparameter tuning methods work by attempt-
ing to optimise a black-box function representing the performance
of a given hyperparameter configuration on the target workload.
Fully evaluating one configuration takes a significant amount of
time. It is in most cases intractable to consider all, or even most,
configurations. Multi-fidelity approaches mitigate this cost by allo-
cating more resources to promising configurations [10, 18], but still
assume that hyperparameters remain fixed throughout execution.

Certain hyperparameters are conducive to being adjusted dy-
namically throughout an execution. This kind of mutability can be
beneficial to training performance [5, 31]. Unfortunately, extend-
ing tuning from static configurations to time-varying schedules
greatly increases search complexity. Prior work has addressed this
challenge only in limited forms, typically focusing on individual
hyperparameters such as learning rate [20, 32] and temperature (for
simulated annealing) [17]. These approaches are highly specialised
to specific hyperparameters and difficult to generalise.

More general strategies, such as population-based tuning [16, 24],
implicitly explore hyperparameter schedules through evolutionary
mechanisms. However, these methods tend to assume a stationary
optimisation landscape and offer limited support for system-level
hyperparameters, whose effects depend strongly on runtime condi-
tions such as contention and staleness.

Besides hyperparameter tuning, the problem of producing deep
learning infrastructure and systems which are capable of handling
enormous quantities of training data in a timely fashion has been
attacked from all sides. It has long been so that the amount of
computation power of any single processor is insufficient to deal
with the scale of modern training tasks, therefore alternate com-
pute paradigms are considered a necessity. Whether the execu-
tion is performed on a GPU [22] (or a cluster of several [23]), on
a multi-core CPU [2, 5, 11], distributed over racks of connected
servers [2], among geographically distributed compute-nodes [9],
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or even within a dedicated ASIC [6], the general principle is that
training can be made faster by spreading the load across separate
compute devices; the work can hence be carried out in parallel.

In this work, we focus on the shared-memory multi-core CPU
setting, where fine-grained asynchronous parallelism is commonly
used to improve throughput (e.g. Hogwild! [27]). While GPUs are
indispensable for large dense models, a growing body of work has
shown thatmodernmulti-core CPUs remain a competitive and often
preferable platform for many training workloads, particularly when
using asynchronous optimisation methods and moderate model
sizes. In particular, Ma et al. [21] demonstrate that asynchronous
SGD on CPUs can outperform GPU-based approaches in time-to-
convergence across several models, evenwhenGPUs achieve higher
raw throughput. This behaviour is consistent with earlier findings
on lock-free and asynchronous optimisation on shared-memory
CPUs [27], and continues to motivate CPU-centric training in set-
tings where flexibility, resource sharing, and cost efficiency are
primary concerns. Prior studies have shown that blindly increasing
parallelism in such systems can be counterproductive: excessive
concurrency may increase training time and degrade model accu-
racy (as illustrated in Figure 1, discussed in Section 2.1). Moreover,
the optimal degree of parallelism can change significantly during
execution [5], reflecting a non-stationary optimisation landscape
shaped by both algorithmic progress and system dynamics.

We address this challenge by introducing ForestTune, a hy-
perparameter tuning framework designed for deep learning sys-
tems with mutable, system-level, and algorithmic hyperparame-
ters. ForestTune explicitly optimises time-varying hyperparam-
eter schedules while accounting for changes in the optimisation
landscape throughout execution. It organises tuning trials as a dy-
namically growing forest of execution trees, allowing promising
executions to branch and explore alternative schedules without
restarting training from scratch. System resource parameters are
treated as first-class hyperparameters, enabling efficient trial sched-
uling and reuse of intermediate execution state.

To the best of our knowledge, ForestTune is the first frame-
work that (i) explicitly tunes general hyperparameter schedules
under a non-stationary optimisation landscape, and (ii) integrates
system-level resource parameters into the tuning process in a way
that supports efficient execution and comparison of trials.

The remainder of this paper is organised as follows. Section 2
motivates the need for mutable hyperparameters and discusses lim-
itations of existing tuning frameworks. Section 2.4 formalises the
tuning problem and introduces the notation used throughout. Sec-
tion 3 presents ForestTune and its design rationale, followed by im-
plementation considerations in Section 4. We evaluate ForestTune
against state-of-the-art baselines in Section 5. Section 6 discusses
related work, followed by a conclusion in Section 7.

2 Problem and Challenges

2.1 Mutable Hyperparameters

We distinguish between mutable hyperparameters, whose values
may change during a single execution, and immutable hyperpa-
rameters, which are fixed at the outset. Mutable hyperparameters
include not only algorithmic parameters such as learning rate, batch
size, and momentum, but also system-level parameters such as the
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Figure 1: The effect of static and scheduled 𝑚 on Hogwild!
training performance for the GNN workload.

number of parallel workers and synchronisation semantics [5, 31].
Structural choices like the number of hidden layers, kernel sizes,
dataset augmentation, etc., tend to be immutable, since adjusting
them mid-run is impossible. Prior work has explored runtime adap-
tation of individual system parameters (Pollux [26] adaptively scales
worker count), but these adjustments are built into a specific train-
ing scheme, rather than treated as black-box parameters which
could be optimised by a general tuner.

It’s already well-established in literature that adjusting certain
hyperparameters during training can improve performance: learn-
ing rate schedules are ubiquitous [20], and at-runtime mutation
of algorithmic parameters comes as a side-effect of population-
based methods such as PBT [16] and PB2 [24]. Such tuners tend to
leave system hyperparameters fixed, though, especially when those
parameters pertain to resource demand. We illustrate this with a
canonical example: the number of asynchronous workers used for
Hogwild! SGD [27].

Number ofWorkers. Hogwild! parallelises SGD across CPU cores
by allowing𝑚 workers to update shared model parameters without
synchronisation or locking, which removes a considerable amount
of overhead. However, overlapping updates introduce noisy gra-
dients which, beyond a certain worker count, outweigh the gain
in throughput and slow down convergence. The optimal worker
count therefore is not the maximum available on the system, and it
varies during training. In general, a high𝑚 is beneficial early when
stability is less important than throughput, while a lower𝑚 works
better later on for convergence.

In Figure 1, we highlight the importance of correctly sched-
uling the number of asynchronous workers when running SGD
with Hogwild! to train a graph neural network (GNN) on the popu-
lar OGB-Arxiv dataset [15]. Each of these executions runs for 140
seconds. In the left-hand pane we test the performance when hold-
ing the number of worker threads,𝑚, at different constant values
1 ≤ 𝑚 ≤ 128, and in the right-hand pane we plot the learning
trajectory of various schedules of𝑚, including the static𝑚 = 32
for comparison. The “Linear” schedules decrease𝑚 between two
bounds linearly, whereas the “Concave” schedules decrease faster
at the beginning and slower near the end, proportional to −

√
time.

Figure 1 illustrates three key observations. First, the number of
asynchronous workers has a substantial impact on both conver-
gence speed and final accuracy, with excessive parallelism amplify-
ing asynchrony-induced noise. Second, appropriately scheduling𝑚
over time can outperform any static choice, while also improving
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convergence stability. Finally, both the optimal value and sched-
ule for𝑚 depend on training phase and workload characteristics,
making them difficult to determine a priori.

2.2 Trial Continuation and Robust

Re-Evaluation

In many existing hyperparameter tuning frameworks, candidate
configurations are evaluated as independent, linear executions that
begin from a common initial state and run to completion. They
make the implicit assumption that evaluating a given hyperparam-
eter configuration yields a deterministic outcome. In reality, many
workloads training and evaluation functions are non-deterministic,
and several evaluations of the same trial can lead to substantially
different outcomes. This can be for reasons such as the random
shuffle of data [4], intentional regularisation [12], or the particular
interleavings of asynchronous workers, which depend on runtime
scheduling and resource contention [7, 27].

A tuner that relies on a single observation per configuration is
therefore vulnerable to noise andmay bemisled by an unlucky draw.
The effect of such stochasticity can be dealt with by re-evaluating
certain configurations from the same initial state [3]. However, re-
evaluation involves restarting a trial from scratch, which is usually
prohibitively expensive. In contrast, if executions could be resumed
from intermediate states, re-evaluation could be performed at sub-
stantially lower cost, enabling more efficient tuning.

2.3 Unbounded Execution Budget

Many state-of-the-art hyperparameter tuning methods, including
Hyperband [18] and BOHB [10], work by orchestrating individual
trials, where each trial determines the performance of one certain
set of hyperparameters – a configuration. Although the tuning
problem is construed as one of finding the best configuration, the
user’s actual goal is often just to find the best result given the best
configuration, i.e. the best model parameters. It is therefore impor-
tant to eventually execute promising configurations all the way
until completion, i.e. when the model quality stops increasing due
to, for instance, the training algorithm reaching a (local) minimum.
However, this is not often trivial. In Hyperband-family algorithms
(including BOHB), the structure of the “brackets” which make up
the tuning process are predetermined. A single trial can never use
a higher budget than the maximum budget (chosen by the user). If
the maximum budget is too low, an optimal model will never be
reached because the training algorithm simply will not have the
chance to run for long enough. On the other hand, if it is too high,
time spent furthering executions which have already converged
will result in wasted time; the excessive budget would ideally have
been spent evaluating other configurations instead.

We propose that a more useful and adaptive hyperparameter
tuning algorithm would not impose a decision of maximum budget
on the user, since it cannot be known beforehand how long is needed
to reach convergence. Some specification of budget is nevertheless
necessary, as in general it refers to an arbitrary resource and the
tuning algorithm requires a starting point, but a fixed maximum
requires too much foreknowledge about the workload to tune.

2.4 Problem Formulation

Hyperparameter tuning is traditionally posed as the search for
a single configuration 𝑥 minimising a black-box objective 𝑓 (𝑥)
over a search space X [29]. In this section, we develop existing
formulation for hyperparameter tuning, resulting in the mutable-
hyperparameter problemwith resource-varying trials which Forest-
Tune addresses.

Configuration Space. As in existing literature, we denote the
configuration space X from which candidate hyperparameter con-
figurations 𝑥 ∈ X may be drawn. A configuration parametrises the
execution of a given workload. In contrast to most prior formula-
tions, we compose a configuration of a tuple 𝑥 = (𝑥𝐴, 𝑥𝑆 ):

• the algorithmic component,𝑥𝐴 ∈ X𝐴 , represents parameters
of the optimisation procedure itself, for example learning
rate, momentum, and batch size;

• the system component, 𝑥𝑆 ∈ X𝑆 contains system runtime
parameters that affect how the execution runs, for example
the number of worker threads, the degree of asynchrony,
the synchronisation interval.

Additionally, and again in departure from most existing formula-
tions, each configuration requires a certain demand on resources,
𝑥𝑅 ∈ R𝑀≥0, a vector of𝑀 resource types (CPU cores, memory, etc.)
that tends to be a function of 𝑥𝑆 . We then describe the total amount
of resources available to concurrent trials as the vector Rsys ∈ R𝑀 .

State and Training Chunks. The result of training is summarised
by a checkpoint state 𝜃 ∈ Θ (model parameters, optimiser state,
etc.). One chunk of training of wall-clock duration 𝑏 is captured by
a stochastic training operator

𝜃 ′ = 𝑓train (𝜃, 𝑥, 𝑏, 𝜉 (𝑥)), (1)
where 𝜉 (𝑥) is the stochasticity present during the chunk (due to
e.g. data shuffling and the non-determinism of concurrent worker
interleavings). A separate evaluation function 𝑓eval : Θ → R pro-
duces a scalar which we wish to optimise, e.g. validation accuracy.
Depending on semantics, optimisation can equally be formulated as
minimising or maximising this value, so for consistencywe consider
the minimising case.

This decomposition of X exposes two correlations that previous
hyperparameter tuning formulations do not address explicitly.

Throughput. The amount of useful work performed in a
chunk of fixed wall-clock duration 𝑏 is a function of 𝑥𝑆 .
Under Hogwild!, for example, the effective rate of gradient
updates per second is sublinear in the number of worker
threads and plateaus (or even degrades) past a certain num-
ber [5, 27].

Noise. The variance of 𝜉 , and therefore of 𝑓eval (𝜃 ′), may de-
pend on 𝑥 . For example, more workers in an asynchronous
setting increases the expected staleness and raises the vari-
ance of stochastic gradients, even at a fixed number of
update steps [5, 11].

Traditional and Multi-Fidelity Tuning. The standard hyperpa-
rameter tuning problem is, given a fixed budget 𝑏, discovering

𝑥★ = argmin
𝑥∈X

E𝜉 [𝑓eval (𝑓train (𝜃0, 𝑥, 𝑏, 𝜉))] . (2)

Importantly, the configuration 𝑥 is constant throughout a given
trial. Multi-fidelity methods such as Hyperband [18] and BOHB [10]
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use a surrogate function 𝑔(𝑥, 𝑏) which models the expected per-
formance of evaluating configuration 𝑥 to a budget 𝑏. The budget
constrains, epochs, samples, or some other proxy for work, and
there is an implicit assumption made by such tuners that budget
maps uniformly to wall-clock time. This assumption is relevant
for running concurrent trials, as discrepancy in wall-clock time
between trials of the same budget would result in idle time for
some workers.

Schedule-Based Tuning. As discussed in Section 2.1, allowing
for hyperparameters to vary throughout an execution can improve
performance. A more general formulation treats 𝑥 instead as a
sequence. Let ®𝑥 = (𝑥 (1) , . . . , 𝑥 (𝐾 ) ) ∈ X𝐾 be a schedule of config-
urations, ®𝑏 = (𝑏 (1) , . . . , 𝑏 (𝐾 ) ) the corresponding chunk durations,
and let 𝜃 (𝑘 ) be the state reached after applying chunks 1, . . . , 𝑘 . The
objective becomes

®𝑥★ = argmin
®𝑥, ®𝑏

E
[
𝑓eval

(
𝜃 (𝐾 )

)]
, 𝜃 (𝑘 ) = 𝑓train

(
𝜃 (𝑘−1) , 𝑥 (𝑘 ) , 𝑏 (𝑘 ) , 𝜉 (𝑘 )

)
(3)

Population-Based Tuning (PBT ) [16] and PB2 [24] implicitly opti-
mise Equation (3): a population of 𝑁 agents trains in parallel, and at
periodic synchronisation points poorly-performing agents copy the
state of stronger ones (exploitation) and perturb their configuration
(exploration). PBT and PB2 retain the implicit assumption inherited
from Equation (2): a chunk’s wall-clock cost is independent of 𝑥 (𝑘 ) .

PB2 is able to exploit promising areas of the search space when
generating new configurations by maintaining a Gaussian pro-
cess surrogate function, similar to Hyperband’s sampling approach.
However, the quality landscape of the configuration space depends
on the parent state 𝜃 that a given chunk starts from, and is therefore
not stationary. A single global surrogate fit over all observations
averages away this structure, and can lead to producing less suitable
configurations.

Concurrent Trials Under a Resource Constraint. Once configura-
tions explicitly include a system component 𝑥𝑆 , resource-awareness
becomes important to efficiently run trials concurrently. We model
this as a schedule of trials, as follows. Let each trial 𝑖 be started
at wall-clock time 𝑎𝑖 , run for duration 𝑏𝑖 , and demand resources
𝑥
(𝑖 )
𝑅

. Any valid schedule of trials must satisfy a resource-sharing
constraint at every moment:

∀𝑡 ∈ [0,𝑇 ] :
∑︁

𝑖 :𝑎𝑖 ≤ 𝑡 <𝑎𝑖+𝑏𝑖

𝑥
(𝑖 )
𝑅
≤ Rsys, (4)

where 𝑇 is the total time the tuning runs for. In order to maximise
throughput (budget evaluated per wall-clock time), it is desired
to be utilising as much as possible of the system resources, R, at
all times. A prudent choice of which trials to run concurrently
is necessary to do so. Due to 𝑥𝑆 , trials require runtime-varying
resources, and therefore these scheduling decisions must be made
dynamically.

None of the prior formulations consider this constraint, and
instead schedule trials uniformly. They are therefore unable to
maximally utilise the underlying resources.

3 Our Method

In this section, we introduce ForestTune, a system for online hy-
perparameter tuning that constructs and explores hyperparameter

schedules during execution, rather than selecting a single static
configuration. ForestTune is designed as a runtime mechanism
that interleaves tuning decisions with execution, allowing hyperpa-
rameters and resource allocations to evolve in response to observed
behaviour.

ForestTune is motivated by goals common to prior work, in-
cluding population-based methods such as PBT [16] and PB2 [24],
and multi-fidelity approaches like Hyperband [18] and BOHB [10].
However, it departs from these methods in four fundamental ways,
each addressing a limitation identified in Section 2.

(1) Rather than maintaining a flat population of trials, Forest-
Tune represents the tuning process as a forest, where each
node corresponds to an execution that resumes from a par-
ent checkpoint. This branching structure enables efficient
exploration of multiple related hyperparameter schedules,
as well as a single promising trajectory to be explored un-
der multiple stochastic realisations, instead of being prema-
turely discarded due to unlucky randomness.

(2) In contrast to PB2’s single global surrogate model — which,
particularly late in a run, is dominated by samples collected
at earlier and less relevant stages — each node in Forest-
Tune maintains its own Gaussian process model. This local
surrogate is used for Bayesian optimisation when spawn-
ing new branches from that node, allowing the method to
capture optimisation landscapes that vary across different
stages of an execution.

(3) ForestTune treats system resources, such as thread count,
as first-class tunable hyperparameters. By explicitly sched-
uling trials according to their resource requirements, the
method avoids the over-subscription that arises when the
cost of evaluating configurations is assumed to be constant.

(4) Unlike Hyperband-style methods [10, 18], ForestTune im-
poses no fixed upper limit on the trial budget. This re-
duces the sensitivity of the method to configuration choices
made before the tuning run begins and allows progressively
longer trials to be explored indefinitely.

Together, these design choices allow ForestTune to adapt both
hyperparameters and resource usage dynamically over the course of
training, while retaining the ability to revisit and refine promising
trajectories as new information becomes available.

We next formalise the underlying concepts and introduce the
notation used throughout the remainder of the paper.

3.1 Preliminaries

Where prior hyperparameter tuning methods model trials as inde-
pendent, linear executions, ForestTune represents tuning work
as a dynamically constructed forest of execution fragments. Each
node in this forest corresponds to a bounded chunk of execution
(see Section 2.4) of the target workload and captures both execution
state and tuning metadata required for further exploration. A node

is conceptually a tuple with the following fields:
Forest Structure and Notation. ForestTune organises nodes into

a directed forest F. For a node𝑚 ∈ 𝐹 , we use the following notation
(summarised in Table 1):

• 𝑚𝐷 : the depth of node𝑚, defined as the length of the path
from a root node to𝑚;
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structure TuneNode
x : X Hyperparameter configuration.

𝜃 : Θ Checkpoint state; type Θ is workload-dependent.

𝑦 : R | null Node performance (i.e. result of 𝑓eval); null if not

evaluated.

𝑓 : X → R Local Bayesian optimisation model.

𝑏 : R Incremental budget for this node.

• 𝑚children: the set of child nodes of𝑚;
• 𝑚𝜃 : the checkpoint state stored at node𝑚.

Execution Semantics. A node conceptually represents the (po-
tentially pending, if not yet processed) end result of applying the
workload’s training process to the checkpoint state reached by its
parent node (or from a freshly initialised model in the case of root
nodes). Once processed, each node furthers the execution by a spe-
cific amount of budget, dependent on its depth,𝑚𝐷 : nodes deeper
in the forest represent a longer training budget.

A path from a root node to any other node represents a single lin-
ear execution under a certain hyperparameter schedule; the hyper-
parameter configuration changes only from node-to-node. Where a
node𝑚 branches into multiple children, each of the children resume
execution from the same checkpoint state𝑚𝜃 but with different
hyperparameter configurations. This branching mechanism enables
ForestTune to explore multiple alternative continuations of the
same partially executed workload, and is the key mechanism by
which different hyperparameter schedules are evaluated.

Any subtree of the forest therefore represents a family of exe-
cutions: multiple executions of the same workload that share an
identical prefix but diverge in their subsequent hyperparameter
schedules. By reusing checkpointed states, ForestTune avoids
repeatedly executing identical prefixes from scratch, enabling ef-
ficient exploration of similar schedules with minimal redundant
computation.

Overall, ForestTune considers a hyperparameter tuning prob-
lem as the problem of building up such a forest over time, involving
both choosing which nodes to create (and hence which hyperpa-
rameter schedules to trial), as well as scheduling when each node
should be evaluated. This design allows it to balance exploration
and exploitation while efficiently utilising available parallelism.

In the remainder of this section, we describe the ForestTune
algorithm in increasing level of detail.

3.2 Algorithm Overview

Our design separates two concerns: the policy of deciding which
configurations to evaluate next, and the scheduling mechanism of
efficiently evaluating them in parallel across workers within a fixed
set of system resources. The target workload is treated as a black
box, exposed only through a training function 𝑓train and an eval-
uation function 𝑓eval (Algorithm 1). These are the same operators
introduced in Section 2.4: we simply abbreviate the chunk oper-
ator of Equation (1) as 𝑓train (𝑚,𝑏), since a node𝑚 already carries
both the starting state 𝜃 and configuration 𝑥 (as𝑚𝜃 and𝑚𝑥 ), and
the per-chunk stochasticity 𝜉 is drawn implicitly each time a node
is trained. ForestTune is driven by a scheduler with two entry
points, UpdateSchedule and FinishSchedule, invoked repeat-
edly by the main loop (Algorithm 2). UpdateSchedule constructs

Table 1: Summary of notation

Notation Description

Spaces and workload functions

X Hyperparameter configuration space
Θ Space of checkpoint states (workload-

dependent)
𝑓train (𝑚,𝑏 ) Trains node𝑚 for budget 𝑏, returning a new

state ∈ Θ (see Equation (1))
𝑓eval (𝜃 ) Evaluates a state, e.g. validation accuracy

Forest and TuneNode notation

F The tune-forest
𝐹𝐷 All nodes at depth 𝐷
𝑚𝑥 Node’s hyperparameter configuration (∈ X)
𝑚𝜃 Node’s checkpoint state (∈ Θ)
𝑚𝑦 Node performance, or null if unevaluated
𝑚

𝑓
Node’s local Bayesian-optimisation surrogate

𝑚𝑅 Node’s system-resource requirement
𝑚𝐷 Depth of node𝑚
𝑚children Children of node𝑚
𝑓root Root Bayesian-optimisation surrogate

the next schedule — a set of TuneNodes to be processed concur-
rently. FinishSchedule synchronises workers and incorporates
their individual training results into the surrogate models that guide
subsequent configuration decisions.

In the context of resource-aware trial scheduling, a schedule

refers to a set of TuneNodeswhich ForestTune has decided should
be evaluated concurrently. As will become apparent when looking
at the scheduler, an entire schedule is always created such that the
system has sufficient resources to process it entirely in parallel;
the workload itself defines the specific operation associated with
processing the schedule.

A ForestTune run is divided into iterations called growth sea-

sons. At the start of each season, ForestTune resets the depth
counter 𝐷 ← 0 and creates 𝑇 new root nodes. The season then
performs a depth-wise pass through the forest. At each depth 𝐷 ,
the system (i) creates new nodes at that depth by branching from
selected nodes at depth 𝐷 −1, and (ii) evaluates all nodes at depth 𝐷
via one or more resource-feasible schedules. The per-node training
budget increases with depth, so deeper nodes correspond to longer
cumulative executions.

The number of nodes created at each iteration of the upward pass
through the forest is controlled by successive division of the number
of new TuneNodes to produce: fewer are made as 𝐷 increases.
Conversely, the budget for deeper nodes increases deeper into the
forest. A season ends when successive division results in there
being no more nodes to create at the current depth, and since a
number of new TuneNodes are created at the beginning of each
season, subsequent seasons increase in depth monotonically. There
is therefore no upper limit to the depth that can be reached (and
therefore no limit to how long ForestTune can run while still
trialling longer executions); this is one of the motivating factors
behind ForestTune’s design in contrast to methods such as BOHB
[10] which impose an important decision on selecting a suitable
maximum budget.

In Figure 2 we illustrate the behaviour of ForestTune. The dia-
gram represents the resultant search forest after two growth seasons
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𝜂 = 2, T = 4

Figure 2: The result of two seasons of ForestTune’s tree

search based on successive division, with 𝜂 = 2,𝑇 = 4. Each
circle depicts a TuneNode, and the numbers show the order

in which they are created.

of an example execution with 𝜂 = 2,𝑇 = 4; these parameters are
described in more detail in Section 3.4. Each circle represents one
TuneNode, labelled with a number representing the growth step
at which it was created; they are also shaded with a colour rep-
resentative of the same. First, 𝐵 := 𝑇 = 4 root nodes are created
(A , see Algorithm 1). Once they have all been scheduled and eval-
uated, the approximately best performing 𝐵 := 𝐵 ÷ 𝜂 = 2 nodes
in 𝐹𝐷 are branched from due to GrowTrees ( B ). This process is
repeated once, after which point 𝐵 = 0 causing the season to end.
The second season, beginning from iteration 4, plays out in much
the same way, except now the number of branches made after the
first iteration is |𝐹𝐷 | ÷ 𝜂 = 4. Notice that during the second season,
nodes which were created in the first season are branched from for
a second time. This happens when an older node’s performance is
still strong relative to its cousin nodes. Fundamentally, it is this re-
branching that allows ForestTune to consider different sequences
of configurations.

Scheduling is performed on a depth-by-depth basis. It is neces-
sary that all nodes at depth 𝐷 are evaluated before branching and
beginning to evaluate those at depth 𝐷 + 1 because the informa-
tion required to decide from which nodes at depth 𝐷 to branch is
dependent on knowledge of the performance of all nodes at that
depth. It is for this reason that seasons advance strictly depth-wise.

UpdateSchedule considers every node in 𝐹𝐷 , i.e. every node at
depth 𝐷 , and if every one of them has already been evaluated, we
are then ready to move on to the next iteration. This is the point
at which the forest growth procedure, which is the heart of our
tuning mechanism, is invoked ( B ). UpdateSchedule then, in ei-
ther case, performs a system resource-aware scheduling of nodes
∈ 𝐹𝐷 that are yet to be evaluated. As can be seen in Algorithm 2,
UpdateSchedule is invoked just before calling the workers to per-
form their workload-specific task, as this way each will see their
assigned work once they begin.

The function PackSchedule (described in more detail in Sec-
tion 3.3) performs an efficient bin-packing, determining which
nodes should be evaluated next by the computation medium (e.g.
CPU threads). After returning, schedule contains a list of TuneN-
odes which can all be executed in parallel in accordance with Rsys.
The schedule is read and each node within is processed in paral-
lel (D ). FinishSchedule. The result of processing all nodes in
schedule is that each 𝑚𝜃 is now updated to represent the new
model state. We then compute the performance,𝑚𝑦 for each; the
evaluation function 𝑓eval (𝜃 ) tends, for deep learning problems, to

Algorithm 1 ForestTune’s interface

Constants:

Require: 𝑓eval (𝜃 ) : Θ→ R Evaluate a node state, e.g. Accuracy

Require: 𝑓train (𝑚,𝑏) : TuneNode × R→ Θ Processes a node, e.g.

by SGD, for budget 𝑏

Require: Rsys : R𝑀 System resource limit vector

Require: 𝜂 : R Successive division factor

Require: 𝑇 : N+ Number of new roots per season

Require: F : Graph(TuneNode) The tune-forest itself

Require: 𝐷 : N Depth currently being considered

Require: 𝐵 : N0 The number of branches to make next

Require: schedule : [TuneNode] TuneNodes to evaluate next

Require: 𝑏 : R Incremental budget for current schedule

Require: 𝑓root : X → R Root B.O. surrogate

function Initialise()
F← null
𝐷 ← 0
schedule← []
𝑏 ← 𝑏min
for 𝑖 = 1, . . . ,𝑇 do

NewRootNode() A

function UpdateSchedule()
if ∀𝑚 ∈ F𝐷 | 𝑚𝑦 ≠ null then

𝐵 ← GrowTrees(𝐵) B
PackSchedule(Rsys)

function FinishSchedule()
for all𝑚 ∈ schedule in parallel do C

𝑚𝑦 ← 𝑓eval (𝑚𝜃 ) Evaluate the newly trained node state.

if 𝑚 is a root then
𝑓root .report(𝑚𝑥 ,𝑚𝑦) Update root surrogate.

else

(𝑚parent)𝑓 .report(𝑚𝑥 ,𝑚𝑦) Update parent’s surro-

gate.

Algorithm 2 Invocation
This shows how ForestTune is invoked to perform a tuning task.

𝑓train and 𝑓eval together define the objective.

Initialise() Create first roots

UpdateSchedule() Generate initial schedule

while ¬Terminate do Stop on wall-clock / budget / season cap

for all𝑚 ∈ schedule in parallel do D
𝑚𝜃 ← 𝑓train (𝑚,𝑏)
𝑚𝑦 ← 𝑓eval (𝑚𝜃 )

FinishSchedule() Report results into 𝑓root / parents

UpdateSchedule()
return argmax

𝑚∈F
𝑚𝑦 Best evaluated node
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compute the validation accuracy given model 𝜃 . So that this re-
sult may influence the selection of new configurations in subse-
quent iterations, each node’s parent’s Bayesian optimisation sur-
rogate model is updated with the newly evaluated configuration-
performance pair as a sample. If the node is a root, the root-level
surrogate is updated instead.

Throughout a season, UpdateSchedule and FinishSchedule
are called repeatedly to supply the workers with new tasks (nodes)
until 𝐷 is completely processed, at which point GrowTrees (Algo-
rithm 4) is invoked to progress to the next depth. As discussed
further in Section 3.4, GrowTrees (i) selects a subset of the best-
performing nodes at depth 𝐷 to branch from, and (ii) reduces the
number of branches produced at each successive iteration within
a season. When this number reaches zero, the season terminates
and a new season begins. Since there is no limit on the number
of seasons, ForestTune may be executed indefinitely, gradually
exploring longer-running executions.

3.3 Efficient Scheduling

At each depthwithin a season, a certain – potentially large – number
of configurations must be evaluated. Each configuration associated
with a node𝑚 requires a certain allocation of system resources in
order to run. In the simplest case, this is just because a portion of
system memory is needed to fit a model which is to be trained. The
requisite resources can also vary for different configurations, for
example if one of the hyperparameters dictates how many CPU
cores should be used. Multiple configurations can be evaluated in
parallel as long as the sum of all of their resource requirements fits
within the total system resources.

Since all nodes at a given depth must be processed before pro-
gressing, and processing a node can take a significant amount of
time as the budget increases deeper into the forest, it is vital to
produce an efficient schedule. A suboptimal scheduling order can
significantly increase the total wall-clock time required to evaluate
all nodes at a depth.

Algorithm 3 Node evaluation scheduling
function PackSchedule(Rmax)

schedule← []
Rremaining ← Rmax
candidates← F𝐷
SortDescending(candidates, |𝑚𝑅 |) E
for all𝑚 ∈ F𝐷 do

if 𝑚𝑅 ≤ Rremaining ∧𝑚𝑦 = null then
If node fits resources and is unevaluated. . .

Rremaining ← Rremaining −𝑚𝑅 . F
schedule← schedule ++ [𝑚] Append node to cur-

rent schedule

This scheduling problem is equivalent to efficient bin packing
with a bin size of Rmax, since we want to arrange the nodes at a
given depth such that as few bins (i.e. schedules) as possible are
required to fit them all. Since bin packing is NP-hard, ForestTune
employs a heuristic based on the first-fit decreasing to achieve good
scheduling efficiency in practice. Our approach is illustrated in
Algorithm 3; nodes in 𝐹𝐷 are sorted in descending order ( E ) of

their required resources, and a schedule is filled until no more can
fit ( F ). This process is repeated until all nodes at depth 𝐷 have
been assigned to a schedule.

This heuristic is simple to implement, incurs low overhead, and
has proven effective in practice for balancing parallelism against
resource utilisation.While it does not guarantee an optimal packing,
it substantially reduces idle resources compared to naive scheduling
strategies and integrates naturally with ForestTune’s depth-wise
execution model.

3.4 Seasons and Growth

The structure and progression of seasons in ForestTune is gov-
erned by two parameters: 𝜂 and𝑇 . 𝜂 describes the successive division
factor, and controls how rapidly the number of nodes selected for
branching decreases across successive iterations within a season.𝑇
determines how many new execution trees are introduced at the
beginning of each season. Considerations for choosing these pa-
rameters are discussed in Section 5. We now describe the behaviour
of the tree growth procedure (Algorithm 4):

Algorithm 4 Tree growth algorithm
function GrowTrees(𝐵 : N0)

First, produce new branches in the forest, from the currently

considered depth

candidates← F𝐷
𝜀 ∼ Gumbel(0, 𝜎 (candidates𝑦)) G
SortDescending(candidates,𝑚𝑦 + 𝜀) H
for 𝑖 = 1, . . . , 𝐵 do

parent← candidates𝑖
child← CreateChild(parent) I
F.AddEdge(parent, child)

𝐵 ← 𝐵

𝜂
Successive division J

𝑏 ← 𝑏 × 𝜂 Exponential budget increase

if 𝐵 = 0 then Begin a new growth season

𝐷 ← 0
𝑏 ← 𝑏min
for 𝑖 = 1, . . . ,𝑇 do

NewRootNode() K
𝐵 ← |F0 | Reset number of branches

else

Continue the current growth season

𝐷 ← 𝐷 + 1
return 𝐵

GrowTrees takes as an input a single parameter, 𝐵 ∈ N0, which
is the number of branches that it should create. Branches may be
created from any node in 𝐹𝐷 , including nodes that already have
children. Allowing re-branching from previously expanded nodes
is essential to ForestTune’s ability to explore multiple hyperpa-
rameter schedules that share common execution prefixes.

Branching is biased towards nodes with higher observed perfor-
mance, and we therefore consider a performance-sorted view of 𝐹𝐷
(H ). To avoid repeatedly focusing on only the highest-performing
nodes — thereby prematurely narrowing the explored configuration
space and potentially discarding executions whose performance
improves later — ForestTune does not deterministically select
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Figure 3: Origins of 𝜃 for the new node,

the top-𝐵 nodes. Instead, selection is performed using a stochastic
ranking mechanism.

Concretely, when sorting nodes, a random variable 𝜀 is added
to each node’s performance, such that higher-performing nodes
remain more likely to be selected while lower-performing nodes
retain a proportional probability. The perturbation 𝜀 is drawn from
a Gumbel distribution scaled by the standard deviation of the set
of all𝑚𝑦,𝑚 ∈ 𝐹𝐷 (G ). We use a Gumbel distribution rather than a
Gaussian, as it provides stable and proportional jittered top-𝐵 se-
lection even when 𝜎 (candidates𝑦) is large; in such cases, Gaussian
perturbations exhibit excessive variance and may disproportion-
ately favour substantially inferior nodes.

From each of the 𝐵 selected parent nodes, a new child node
is created ( I ). The function CreateChild initiates a new node
with a new hyperparameter configuration 𝑥 drawn according to
the candidate selection and mutation procedure, described below.
A new node inherits the parent checkpoint state 𝜃child ← 𝜃parent,
and starts unevaluated, 𝑦 = null. Crucially, rather than a blank
surrogate 𝑓 , the child node receives a copy of its parent’s: it adopts
all of 𝑓parent’s samples (so that it’s usable for Bayesian optimisation
right away if its parent had enough samples), but with posterior
variance scaled by a fixed factor > 1 which allows it to benefit from
existing samples, while encouraging broader exploration since the
optimisation landscape varies throughout an execution.

𝐵 is then divided by 𝜂 ( J ) so that subsequent growth stages
produce fewer and fewer new nodes, concentrating the search
on the best ones. If this update yields 𝐵 = 0, the current season
terminates, as no further branches can be created. In such a case,
the next season is initialised by resetting 𝐷 and 𝐵 and creating 𝑇
new root nodes (K ). The procedure for selecting configurations
for new root nodes is described in Section 3.5.

3.5 Candidate Selection and Mutation

There are two points in ForestTune where new TuneNodes are
created: at the beginning of a season when new roots are selected,
and during an iteration when a new branch is made from an existing
node. Since the entire reason behind creating nodes and construct-
ing a forest is to explore the space of configuration sequences, the
selection of new nodes’ configurations is naturally important. De-
pending on the context, ForestTune chooses between one of three
different sources from which to select a configuration for a new
TuneNode. Outlined in Figure 3, these are: uniform random sam-
pling, incremental mutation, and Bayesian optimisation. In each
diagram, it is the bold blue node’s ( ) configuration that is being
decided. We describe these mechanisms below, ordered from most
to least informed.

Bayesian Optimisation. Both new root nodes (Figure 3a) and new
nodes created during a season (Figure 3b) can be configured using
Bayesian optimisation (B.O.). Bayesian optimisation can provide
better guesses of what effective configurations will be by consid-
ering all previous performance examples and building a model to
approximate the relationship X → R. This model is referred to
as a surrogate function, and it has the property of being cheap to
sample (unlike the target function 𝑓 , Section 2.4). Given a surrogate
function, B.O. allows us to draw a new configuration 𝑥 ∈ X that is
the most useful to evaluate next. This decision balances exploitation
of known promising configurations and exploration of unexplored
configuration space.

ForestTune maintains a number of independent B.O. instances.
A root-level surrogate model, 𝑓root, is initialised at startup and is
used to propose configurations for new root nodes. In addition, each
TuneNode𝑚 maintains its own local surrogate model,𝑚

𝑓
, which is

derived from that its parent’s, and further trained on observations
obtained from its evaluated children.

In Figure 3, nodes whose configurations contribute towards the
surrogate function relevant to the illustrated operation are en-
capsulated in boxes and painted purple: . 𝑓root learns from all
𝑚 ∈ 𝐹0,𝑚𝑦 ≠ null, while a parent node 𝑝’s (Figure 3b, ) B.O.
model considers all evaluated children. B.O. is only effective once a
sufficient number of samples have been collected, with the required
number depending on the dimensionality of X. Consequently, it
cannot be relied upon to select configurations for new root nodes
early in execution. However, since newly created nodes inherit
from their parent’s surrogate, they are usually able to sample using
B.O. right away.

It is instructive to contrast this design with approaches such
as BOHB [10], which employ a single multi-fidelity surrogate that
models configuration performance across different budgets. Though
this is a great way to learn from both broad sweeps of low-budget
executions as well as focused executions of promising configura-
tions, it is not directly applicable to ForestTune because it assumes
immutable hyperparameters. By instead using node-local surrogate
models, ForestTune learns execution-stage-specific behaviour and
thereby captures the performance of configuration sequences.

Node Mutation. When a parent node needs to branch and
create a new child (Figure 3b), B.O. is attempted first to draw a
new configuration. Since the parent’s surrogate is inherited from its

parent (unless it’s a root), it’s usually already suitable for sampling
from. Mutation serves as a fallback for certain situations in which a
surrogate lacks sufficient samples to be statistically useful (primarily
early in a run). In such a case, 𝜃 is perturbed slightly to produce
the new configuration. A small perturbation is more appropriate
than a uniform draw ∈ X because of the temporal correlation
between adjacent stages of an execution.

The exact implementation of mutation is dependent on X and
the semantics of the workload. We discuss suitable mutation strate-
gies for the workloads evaluated in this paper, as well as general
considerations, in Section 4.

Random Sampling. When creating new root nodes at the begin-
ning of a season (Figure 3a), if the root surrogate 𝑓root has insufficient
samples, configurations are drawn at random from X. The sam-
pling distribution for each hyperparameter may vary depending



ForestTune Schedule Discovery

on its semantics. Uniform distributions are appropriate when all
values in a range are assumed equally likely to perform well, while
alternative distributions such as log-normal may be more suitable
for parameters like learning rate, where sensitivity varies across
the domain.

In practice, the root B.O. model becomes useable after just a few
evaluations, and by the second season Random Sampling is usually
no longer necessary.

4 Implementation Considerations

ForestTune is written in Python, structured around a generic
workload interface which makes it convenient to use and extend.
Our machine learning workloads are implemented using PyTorch
[25]. The source code is available upon request.

Constraining Memory Usage. As defined in Section 3, Forest-
Tune conceptually maintains a model state for every node in the
tuning forest, since execution may resume from any node at a later
point. A naïve implementation would therefore incur unbounded
memory growth as the forest expands. To address this, we store
all model checkpoints on disk and retain models in memory only
for nodes that are currently scheduled for execution. Models are
loaded on demand when a node is scheduled and evicted once
execution completes. In practice, the overhead of swapping mod-
els between memory and disk is negligible, as the dominant cost
remains training time rather than checkpoint I/O.

Mutation. Standard unbiased mutation is performed by adding
a normally distributed r.v. to each hyperparameter, with variance
proportional to the size of that parameter’s configuration space.

When mutating with a heuristic, the normal distributions take
non-zero biased means: for both workloads it nudges learning rate
and worker count downward over the schedule (CIFAR also nudges
momentum up; GNN anneals the two neighbourhood fanouts 𝑘1, 𝑘2
and dropout down). These heuristics reflect workload-specific do-
main knowledge and are not intrinsic to the ForestTune frame-
work. To account for this, in Section 5 we also evaluate two primary
variants of ForestTune that do not rely on such heuristic biases,
allowing us to assess the impact of mutation design choices inde-
pendently of the core algorithm.

5 Evaluation

We assess ForestTune against two state-of-the-art hyperparameter
tuning baselines: PB2 [24], which, like ForestTune, also adjusts
hyperparameters during training; and BOHB [10], a widely-used
combination of Hyperband with Bayesian optimisation that holds
each configuration fixed per trial. Our evaluation aims to address
the following questions:

(1) Does ForestTune’s support for mutable hyperparameters
yield better-tuned models, and reach a given quality faster,
than the baselines? (Section 5.2)

(2) How efficiently does ForestTune convert wall-clock time
and evaluation budget into tuning progress? (Section 5.3)

(3) Which components of ForestTune contribute most to its
performance gains? (Section 5.4)

(4) Is ForestTune practical in terms of the memory and stor-
age overhead? (Section 5.5)

5.1 Experimantal Setup

We evaluate ForestTune on two parallel machine-learning work-
loads. The first trains a ResNet-20 [14] to classify CIFAR-100 images.
The second trains a two-layer GraphSAGE [13] for node classifi-
cation on the OGB-Arxiv citation network [15]. In both cases
training is performed with asynchronous parallel SGD (Hogwild!
[27]), which makes the number of parallel workers itself a tunable
system hyperparameter. All experiments are performed on a single
machine using an AMD EPYC 9754 processor, utilising 128 physical
cores.

Budget unit. Wemeasure budget inwall-clock seconds of training
rather than in epochs. Epoch-based budgets interact poorly with
the worker-count hyperparameter: a TuneNode training with a
single worker takes far longer in wall-clock than one using many
workers, so ForestTune’s depth barrier would be dominated by
low-parallelism stragglers. Defining a unit of budget as one second
of training makes every node TuneNode at a given depth complete
at the same time.

Configuration spaces. Both workloads use five-dimensional con-
figuration spaces. For CIFAR-100, we tune the learning rate 𝑟 ∈
[10−4, 5 × 10−1], batch size 𝐵 ∈ {4, . . . , 512}, momentum 𝜇 ∈
[0.2, 0.95], weight decay 𝜆 ∈ [10−5, 5 × 10−3], and the number
of asynchronous workers𝑚 ∈ {1, . . . , 128}. 𝑟 , 𝜆, and𝑚 are all sam-
pled logarithmically. For OGB-Arxiv we tune the learning rate
𝑟 ∈ [10−4, 10−1], the two GraphSAGE neighbourhood sample sizes
𝑘1, 𝑘2 ∈ {5, . . . , 25}, the dropout probability 𝑝 ∈ [0, 0.7], and the
worker count 𝑚 ∈ {1, . . . , 128}. Again, 𝑟 and 𝑚 are sampled in
log-space.

Baselines. We compare ForestTune (notated as “ForestTune
(Hier)” to differentiate it from the two ablation variants) against two
state-of-the-art tuners. PB2 [24] is the closest point of comparison,
as it also mutates hyperparameters dynamically during training
across an evolving population. BOHB [10] combines Hyperband’s
successive halving with a TPE surrogate, but holds each configu-
ration fixed for the lifetime of a trial. Both baselines are executed
using the Ray Tune framework [19]. Because Ray Tune accounts
each trial as requiring a fixed number of CPUs regardless of how
many worker threads it spawns, we throttle all three tuners through
a shared, cross-process resource pool that caps the total number
of in-use cores at 128. This guarantees that every method is given
identical hardware and that none can oversubscribe the machine.

Execution Parameters. Unless stated otherwise, ForestTune is
run with 𝑇 = 16 new roots per season, a successive-division factor
of 𝜂 = 2, and a minimum (depth-0) trial budget of 30 s on CIFAR-
100 and 15 s on OGB-Arxiv. PB2 and BOHB require setting certain
hyperparameters, too, and to ensure the most fair comparison we
performed a grid search for each to determine the best settings
for each baseline-workload combination. Each (workload, tuner)
configuration is evaluated using three random seeds. We report
the mean best-so-far validation accuracy, with shaded regions indi-
cating the best- and worst-seen performance. Each run is assigned
a fixed wall-clock budget — 4000 s for CIFAR-100 and 1500 s for
OGB-Arxiv — after which the best validation accuracy observed
during the run is taken as the final result.
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Figure 4: Best accuracy over wall-clock time for CIFAR-100
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Figure 5: Best accuracy over wall-clock time for OGB-Arxiv

5.2 Tuning Quality

In order to evaluate the effectiveness of ForestTune as a hyperpa-
rameter tuner, we consider both the quality of the best model found
and the wall-clock time required to reach it. The results thereof are
presented in Figures 4 and 5, which plot the best achieved perfor-
mance (i.e. validation accuracy; higher is better) against time for
ForestTune, PB2, and BOHB. Unless otherwise stated, we report
results for the hierarchical variant of ForestTune, which we treat
as the default configuration. The impact of alternative variants is
examined in Section 5.4.

Among the two workloads, CIFAR-100 is the more challeng-
ing, both in terms of training time and attainable accuracy. Con-
sequently, it is also the workload on which differences between
tuners are most pronounced. After 4000 s, ForestTune achieves an
average validation accuracy of 0.384, compared to 0.202 for PB2 and
0.182 for BOHB. This corresponds to a 90% relative improvement
over PB2. Considering tuning speed, ForestTune reaches the final
best accuracy achieved by PB2 (0.202 at approximately 𝑡 = 3500 s)
after only 1000 s, representing a 71% reduction in time to reach this
performance level. These results indicate that ForestTune is both
more effective at identifying high-quality configurations and more
efficient at converting wall-clock time into tuning progress on this
workload.

On the OGB-Arxiv workload, all three tuners converge to sim-
ilar final accuracies within comparable wall-clock times. While
ForestTune attains a marginally higher average accuracy by the
end of the run, the difference is small. In this case, PB2 exhibits
slightly better any-time performance, achieving higher accuracy
earlier in the run, whereas ForestTune improves more gradually
and overtakes after approximately 600 s. his behaviour is likely
attributable to the reduced sensitivity of the OGB-Arxiv workload
to precise hyperparameter settings. In such cases, the conservative
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Figure 6: Cumulative budget usage for CIFAR-100
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Figure 7: Cumulative budget usage for OGB-Arxiv

incremental budgeting employed by both ForestTune and BOHB

may be unnecessary, delaying early progress without providing
substantial long-term benefit.

5.3 Budget Utilisation

We now examine how ForestTune achieves the performance gains
observed in Section 5.2. In particular, we focus on two comple-
mentary aspects: (i) the efficiency with which training budget is
consumed through resource-aware scheduling, and (ii) the effective-
ness of configuration selection when controlling for total budget
expended. Figures 8 and 9 illustrate how effectively ForestTune is
able to find strong-performing configuration schedules; Figures 6
and 7 highlights the benefit of ForestTune’s resource demand-
aware trial scheduling, and Figure 10 shows ForestTune’s choice
of trial budgets compared to the baselines.

Trial Scheduling Efficiency. A central motivation behind Forest-
Tune’s design is explicit awareness of per-configuration resource
demands. Because resource usage is treated as a first-class tunable
parameter, ForestTune schedules trials concurrently only when
their combined resource requirements fit within the system ca-
pacity (Section 3.3). In contrast, the baselines we consider assume
uniform per-trial resource usage and therefore schedule trials with-
out accounting for differences in parallelism, leading to periods of
resource over-subscription. This effect is visible in Figures 6 and 7,
which plot cumulative training budget consumed as a function
of wall-clock time. For both workloads, ForestTune consistently
consumes more training budget per unit of real time than PB2 and
BOHB, indicating more efficient utilisation of available system re-
sources. As a result, ForestTune is able to evaluate more training
work within the same wall-clock budget.

Configuration Selection Quality. Improved scheduling efficiency
alone does not explain the tuning gains observed in Section 5.2.
To isolate the effect of configuration selection, Figures 8 and 9
compare the best validation accuracy achieved by each tuner after
consuming the same total amount of training budget, aggregated
across concurrent trials. On CIFAR-100, after an initial exploration
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Figure 8: Best performance per budget used for CIFAR-100.
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Figure 9: Best performance per budget used for OGB-Arxiv.
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Figure 10: Trial budgets throughout execution (CIFAR-100)

phase, ForestTune maintains a clear advantage over both PB2 and
BOHB even when controlling for budget consumed. This indicates
that ForestTune is not only more efficient at executing trials,
but also more effective at identifying high-quality configuration
schedules. On OGB-Arxiv, the differences between tuners remain
modest, consistent with the results in Section 5.2.

Trial Budget Distribution. Unlike methods that impose a fixed
maximum budget per trial, ForestTune places no explicit upper
bound on the budgets it explores. While PB2 similarly increases
trial budgets linearly by continuously extending a fixed population,
BOHB relies on a statically defined tournament structure with a
predetermined maximum budget.

Figure 10 illustrates these differences. PB2’s structure means
that its population of trials all monotonically increase in budget,
saving time by never restarting executions. After a certain point,
however, further budget yields diminishing returns. For this reason,
BOHB shapes its trial brackets around a maximum budget; after
this maximum is reached, new trials are started from scratch. The
downside of this approach is the requirement of a good maximum
budget, as a wrong estimate could either reduce the best achievable
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Figure 11: Summary of comparison between ForestTune
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Figure 12: Tuning curve for each ForestTune variant on

CIFAR-100.

performance (too low), or result in wasted time (too high). Forest-
Tune avoids this trade-off by increasing the maximum explored
budget gradually across seasons, as the achievable depth grows
with the number of root nodes. As shown in Figure 10, this allows
ForestTune to explore increasingly long-running trials without
requiring an a priori decision on an appropriate maximum budget.

5.4 Ablation

To identify which components contribute most to ForestTune’s
performance we compare three variants. The hierarchical (Hier)
variant initialises each node-local surrogate by inheriting its par-
ent’s GP, as described in Section 3. The Basic variant instead ini-
tialises each node-local surrogate with a uniform prior mean, with-
out inheritance. Finally, we evaluate a heuristic-guided variant
(Heur) that augments randommutationwith a handwritten, workload-
specific bias (described in Section 4).

A summary of each variant’s final accuracy is presented in Fig-
ure 11. On CIFAR-100, the variant with hierarchical inheritance
(Hier) has the best upper-bound on its performance, at the cost
of greater variance compared to Heur. This can be explained by
the hand-tuned heuristic providing more specific, directed search.
Still, the non-heuristic Hier variant effectively finds a model with
good performance. Comparing Hier and Basic provides justification
for the hierarchical method, as accuracy drops from 0.39 to 0.35
without it. This happens because when a new node is not seeded
with their parent’s surrogate, the “fresh” GP does not get used until
it has sufficient samples (instead falling back to random mutation).
New nodes created under Hier can sample from their inherited GP
right away.

On the near-saturated OGB-Arxiv workload, all three variants
achieve similar final accuracies, within 0.66–0.68 on average, and
differences are statistically negligible. However, Basic exhibits sub-
stantially higher variance across seeds than Hier and Heur. This is
also observed on CIFAR-100. We attribute this to Basic having less



Jacob Garby and Philippas Tsigas

0 1000 2000 3000 4000
Wall-clock time (s)

0

50

R
A

M
 (G

iB
)

0

100

200

D
is

k 
(M

iB
)

ForestTune Memory Usage ForestTune Disk Usage
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Figure 14: Memory and disk usage on OGB-Arxiv.

direction in its configuration search: it does not rely on prior knowl-
edge from ancestor surrogates, or on expert-knowledge heuristics,
and so its search is far more stochastic.

5.5 Memory Usage

ForestTune only holds the models and data relevant to active trials
(i.e. those currently being evaluated) in RAM. Therefore, the phys-
ical memory usage cannot grow indefinitely, which is necessary
for ForestTune to be practical. This behaviour is illustrated in
Figures 13 and 14, which show memory consumption throughout a
run for both workloads. Memory usage fluctuates with the num-
ber of concurrently active workers. The highest memory demand
coincides with short periods in which many low-budget trials are
evaluated in parallel, corresponding to the high-branching phases
visible in Figure 10.

When TuneNodes are not actively being evaluated, their models
are stored on disk so that they can be resumed in the future. Disk
usage therefore grows monotonically, albeit to a degree an order
of magnitude less than RAM usage for our use cases. Most of the
RAM usage is not taken up by the model checkpoints, but rather by
per-worker data such as training datasets and the Pytorch runtime.

6 Related Work

Existing hyperparameter tuning techniques which support discov-
ery of hyperparameter schedules (as opposed to static configura-
tions) tend to fall in the category of population-based tuning. The
first such method, PBT [16], maintains a set of ongoing trials. Dur-
ing an iteration, each trial runs for some additional budget. The
best performing configurations go on to seed the next round, whose
trials continue from the best from the previous round. Configura-
tions are perturbed in order to explore the search space. Instead of
random perturbation, Population-Based Bandits (PB2) [24] draws
subsequent configurations from a probabilistic model.

While these population-based methods implicitly explore hyper-
parameter schedules, there are drawbacks: Firstly, they assume that
the system resources required to evaluate a certain configuration
are outside the space of tunable hyperparameters. If this assump-
tion does not hold (for example if the number of compute devices
or amount of memory varies per configuration), they may attempt

to concurrently evaluate more trials than there exist resources for.
Secondly, PB2 employs a single surrogate model to sample can-
didate configurations throughout the entire execution, which is
unable to learn an optimisation landscape that varies throughout an
execution. Therefore, late in a PB2 execution, the prediction model
may be primarily trained on less relevant samples.

Hyperband [18] introduced a tournament-bracket structurewhich
lets more promising configurations use a greater proportion of time.
Plain Hyperband samples new configurations from the search space
at random, while BOHB [10] augments Hyperband with the use of
Bayesian optimisation.

The popular framework Optuna [1] provides an interface for
defining and running tuning tasks, and supports the use of Bayesian
optimisation to make informed decisions of which static candidate
configurations to trial.

Other interesting research directions within hyperparameter
tuning including inference-aware techniques that takes into ac-
count the devices on which the model will be deployed [8, 28] and
methods which estimate and consider the amount of power and
memory used by neural networks [30].

7 Conclusion

We presented ForestTune, a resource-aware hyperparameter tun-
ing system that supports mutable hyperparameters by modelling
tuning as the construction of a forest of executions. By allowing
executions to branch from intermediate checkpoints and evolve
their hyperparameters over time, ForestTune discovers hyperpa-
rameter schedules rather than static configurations. This design
enables effective reuse of partial executions, stage-specific optimi-
sation through local surrogate models, and efficient utilisation of
system resources.

Across two parallel machine-learning workloads, we showed
that ForestTune achieves strong any-time performance and higher
final model quality than state-of-the-art baselines. Our evaluation
demonstrates that these gains arise both from more effective config-
uration selection and from resource-aware scheduling that converts
wall-clock time into executed training budget more efficiently.

More broadly, ForestTune reframes hyperparameter tuning as
a problem of structured execution. Rather than treating trials as in-
dependent, fixed-lifetime entities, ForestTune exposes execution
state, resource usage, and stochasticity as first-class concerns. This
enables principled branching, re-evaluation of promising trajec-
tories, and coordinated scheduling decisions that span both algo-
rithmic and system-level parameters. We believe this execution-
centric view provides a flexible foundation for tuning long-running,
resource-intensive workloads where static configurations are insuf-
ficient.
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