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Abstract

A properly calibrated rule-based autoscaler can
beat every one of six mainstream deep reinforce-
ment learning (DRL) algorithms on cost across
every workload we test—so when, if ever, does
DRL actually help? We study this in RLSCALE-
BENCH, a reproducible benchmark and evaluation
protocol for DRL on adaptive resource control,
where an agent allocates compute to a dynamic
workload under cost and service-level constraints.
The literature reports conflicting claims about
whether model-free RL outperforms well-tuned
rule-based controllers, with single-seed runs, un-
calibrated baselines, and inconsistent training bud-
gets confounding cross-study comparison. We
evaluate PPO, DQN, A2C, SAC, TD3, and DDPG
under matched network architectures, training
budgets, and reward functions against a properly
calibrated rule-based baseline across six work-
load patterns and five seeds (240 runs), instanti-
ate the benchmark on Kubernetes Horizontal Pod
Autoscaling, and probe distribution-shift general-
ization by training on one workload and deploy-
ing on five shifted distributions. Three findings
challenge common assumptions: (i) a calibrated
rule-based controller achieves the lowest cost on
all six workloads and zero constraint violations
on steady-state traffic, though it trails the best RL
agents on bursty and flash patterns; (ii) discrete-
action algorithms outperform continuous-action
ones by one to two orders of magnitude in con-
straint violations due to action-space mismatch;
and (iii) no single algorithm dominates across
workload types, with rankings shifting by up to
four positions between steady-state and bursty
traffic. On bursty workloads—where RL should
shine—PPO reduces constraint violations by 54%
relative to the calibrated baseline, but only at 24%
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higher cost, suggesting that the bottleneck in RL-
based resource control is not algorithm selection
but baseline calibration, reward engineering, and
realistic evaluation protocols.

1. Introduction
Adaptive resource control—allocating compute resources to
a dynamic workload while respecting cost and service-level
constraints—is a canonical decision-making problem that
combines offline training on historical traces with online
adaptation to shifting traffic patterns. A growing body of
work applies deep reinforcement learning (DRL) to this
problem (Rossi et al., 2019; Qiu et al., 2020; Wang et al.,
2022; Toka et al., 2021), typically comparing a single RL al-
gorithm against a simple rule-based controller on one or two
workload patterns. Yet the conclusions differ sharply across
studies: some report that RL improves cost by 30%, others
find that rule-based controllers remain competitive. This
inconsistency hinders progress: without a shared evalua-
tion protocol, practitioners cannot assess which algorithmic
advances are real.

We trace the inconsistency to three gaps in current practice:

(1) Uncalibrated baselines. Rule-based controllers such as
threshold-driven autoscalers have tunable parameters (tar-
get utilization, cool-down windows) that strongly affect
performance. When RL studies compare against an uncali-
brated baseline, apparent improvements may reflect baseline
weakness rather than algorithmic gains (Dulac-Arnold et al.,
2021).

(2) Single-seed reporting. DRL training exhibits high vari-
ance across random seeds, and many reported improvements
fall within the noise margin of a single method (Henderson
et al., 2018; Islam et al., 2017; Agarwal et al., 2021). With-
out error bars computed across seeds, benchmark rankings
are unreliable.

(3) Narrow workload coverage. Most studies evaluate
on one or two traffic patterns, typically a diurnal or bursty
trace collected from a single deployment. Because workload
characteristics strongly interact with scaling policies, narrow
coverage yields conclusions that do not transfer to other
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Figure 1. RLSCALE-BENCH pipeline. The six stages realize our contributions: matched RL agents (C1), calibrated HPA baseline (C2),
5-seed training and 240-run evaluation (C3), deployment on five shifted workloads (C4), and the three counter-intuitive findings (C5).

deployments.

We address these gaps with RLSCALE-BENCH, a bench-
mark that follows the reproducible-evaluation principles
advocated by Agarwal et al. (2021) and extends them to
a real-world decision-making setting. We instantiate the
benchmark on Kubernetes Horizontal Pod Autoscaling—a
canonical adaptive resource control problem deployed in
production at large scale (Kubernetes Authors, 2024; Burns
et al., 2016)—and release an open simulator, trained models,
and evaluation data. Our contributions are:

• C1. A benchmark and evaluation protocol for adap-
tive resource control that matches network architec-
tures ([256, 256] MLP), training budgets (50K steps), and
reward functions across PPO, DQN, A2C, SAC, TD3,
and DDPG, eliminating confounds from implementation
choices.

• C2. A calibrated rule-based baseline tuned to realistic
production settings (70% target utilization), serving as a
strong comparator rather than a strawman.

• C3. Statistically rigorous evaluation across 5 seeds and
6 workload patterns (constant, periodic, variable, bursty,
ramp, flash), yielding 240 evaluation runs with error bars
reported throughout.

• C4. A distribution-shift generalization study that trains
agents on a variable workload and deploys them on five
shifted workloads, revealing which algorithms adapt and
which collapse.

• C5. Three counter-intuitive findings: (i) the cali-
brated baseline achieves lowest cost on all six workloads;

(ii) discrete-action algorithms outperform continuous-
action ones by orders of magnitude due to action-space
mismatch; and (iii) no single RL algorithm dominates
across workloads.

These findings challenge a common assumption in the
decision-making literature that deep RL straightforwardly
outperforms rule-based control. We argue that progress
requires moving beyond algorithm novelty toward reward
engineering, environment calibration, and evaluation proto-
cols that reflect real-world deployment challenges—themes
this benchmark is designed to support.

2. Related Work
Decision-making benchmarks for real-world control. A
growing line of work calls for evaluation protocols that re-
flect the challenges of deploying RL in realistic, sequential
decision-making settings. Agarwal et al. (2021) argue that
single-seed results in deep RL benchmarks are statistically
unreliable and propose stratified bootstrap for confidence
intervals. Henderson et al. (2018) show that hyperparameter
choices, random seeds, and implementation details can flip
algorithm rankings, with some reported gains falling within
single-method variance. Dulac-Arnold et al. (2021) identify
weak baselines as a systemic issue across applied RL. Our
benchmark applies these lessons to adaptive resource con-
trol, combining matched training budgets, multiple seeds,
and distribution-shift evaluation in a single protocol.
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RL for cloud and container resource management. RL
has been applied to cloud resource management with in-
creasing sophistication. Rossi et al. (2019) applied Q-
learning to horizontal and vertical container scaling. Qiu
et al. (2020) proposed FIRM for fine-grained microservice
resource management under SLO constraints. Wang et al.
(2022) introduced DeepScaling for stable CPU utilization in
large-scale production systems. Toka et al. (2021) applied
machine learning to Kubernetes edge cluster scaling; Zhang
et al. (2025a) developed a GPU-aware Kubernetes simu-
lator with PPO-based autoscaling, demonstrating a 75%
reward improvement over CPU-only baselines; and Garı́
et al. (2021) survey the broader field of RL-based cloud
autoscaling. These studies typically compare one or two RL
algorithms against a lightly-tuned rule-based controller on a
narrow workload range; cross-study comparison is difficult
because network architectures, training budgets, and base-
line configurations vary substantially. Our matched-budget,
multi-algorithm, multi-workload protocol is designed to
remove these confounds.

Rule-based autoscaling as a baseline. The Kuber-
netes HPA adjusts replica counts based on observed
CPU or custom metrics (Kubernetes Authors, 2024), and
KEDA (KEDA Authors, 2024) extends HPA with event-
driven scaling from external sources. While rule-based con-
trollers are often dismissed as “simple,” we show that a prop-
erly calibrated HPA is a surprisingly strong comparator—
consistent with observations from Booth et al. (2023) that
reward misdesign and baseline weakness can produce mis-
leading comparisons in applied RL.

Distribution-shift generalization. A central challenge
in real-world RL deployment is generalizing from a train-
ing distribution to shifted deployment conditions—a con-
cern that motivates the offline-to-online RL literature and
broader work on distribution shift. We do not study offline-
to-online RL in the strict sense (initializing from a fixed
offline dataset and fine-tuning online); instead, we evalu-
ate distribution-shift generalization by training each agent
online in simulation on a single workload (variable) and
deploying it without retraining on five shifted distributions.
Our finding that the best training-time algorithm is rarely
the best deployment-time algorithm connects to broader
observations about distribution shift in applied RL.

RL infrastructure and environments. Gymna-
sium (Brockman et al., 2016) and Stable-Baselines3 (Raffin
et al., 2021) provide standardized environments and
algorithm implementations. Microservice benchmarks
such as DeathStarBench (Gan et al., 2019) provide
realistic workloads but lack integrated RL evaluation
frameworks. RLSCALE-BENCH is, to our knowledge, the
first benchmark that combines a realistic adaptive resource

control environment, matched-budget multi-algorithm
evaluation, and explicit distribution-shift evaluation in a
single protocol.

3. Benchmark Design
Figure 1 summarizes the benchmark end-to-end; this section
details each stage.

3.1. Environment

We instantiate adaptive resource control as a Markov De-
cision Process (MDP) following the Gymnasium inter-
face (Brockman et al., 2016), using Kubernetes Horizon-
tal Pod Autoscaling as a concrete testbed. The agent al-
locates compute resources (pod replicas) to a service han-
dling a dynamic request stream, subject to infrastructure
cost and service-level constraints. While we instantiate the
benchmark on Kubernetes to ensure production realism—
following prior work on simulation-based evaluation of RL
autoscalers (Zhang et al., 2025a;b)—the abstraction applies
broadly to cloud scheduling, database provisioning, and
edge inference deployment.

State space. The agent observes a 6-dimensional
state vector at each decision step: st =
[CPUt, Memt, QPSt, p95t, ErrRatet, Replicast], where
CPUt ∈ [0, 100] is CPU utilization (%), Memt ∈ [0, 512]
is memory usage (MB), QPSt is the current request rate,
p95t is 95th-percentile latency (ms), ErrRatet ∈ [0, 1] is
the error rate, and Replicast ∈ [1, 10] is the current replica
count.

Action space. The action space is Discrete(5), rep-
resenting replica count changes: at ∈ {−2,−1, 0,+1,+2}.
This reflects a fundamental constraint of physical resource
allocation—replicas are indivisible units, a property shared
by many real-world control problems (allocation of virtual
machines, database shards, or hardware accelerators). For
continuous-action algorithms (SAC, TD3, DDPG), we apply
a DiscreteToBoxWrapper that maps Box(−1, 1) →
Discrete(5) via uniform bin edges at [−0.6,−0.2, 0.2, 0.6].

Reward function. The reward balances infrastructure cost
against SLO compliance:

rt = −
(
crep · Replicast︸ ︷︷ ︸

cost

+λ · ⊮[SLO violated]︸ ︷︷ ︸
penalty

)
(1)

where crep = 0.01 USD per replica per step and λ = 1.0
controls the SLO violation penalty. We normalize rewards
to [−1, 0] via min-max scaling based on empirical bounds,
which stabilizes training across all six algorithms.
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Workload generator. We implement six workload pat-
terns that span the diversity of production traffic (Table 1):

Table 1. Workload types and their characteristics.

Type Pattern Range (req/min)

Constant Flat rate + noise 100± 10
Periodic Sinusoidal (10-min cycle) 50–200
Variable Random walk 30–250
Bursty Baseline + Poisson spikes 50–300
Ramp Linear increase 50 → 250
Flash Sudden 3× spike 80 → 240 → 80

3.2. Algorithms

We evaluate six DRL algorithms from Stable-
Baselines3 (Raffin et al., 2021) spanning three families:

• On-policy, discrete: PPO (Schulman et al., 2017),
A2C (Mnih et al., 2016)

• Off-policy, discrete: DQN (Mnih et al., 2015)
• Off-policy, continuous: SAC (Haarnoja et al., 2018),

TD3 (Fujimoto et al., 2018), DDPG (Lillicrap et al., 2016)

All algorithms use: (i) identical MLP architecture with
two hidden layers of 256 units each, (ii) a training bud-
get of 50,000 timesteps on the variable workload, and
(iii) 5 random seeds per algorithm for statistical robustness.
Algorithm-specific hyperparameters (learning rate, batch
size, buffer size) follow Stable-Baselines3 defaults except
where noted in the appendix.

3.3. Baselines

Calibrated rule-based controller (HPA). We implement
the production-faithful Kubernetes Horizontal Pod Au-
toscaler with a 70% CPU utilization target: desired =
⌈current × (CPU/70)⌉, clamped to [1, 10] replicas. The
70% target follows the default production configuration and
provides a built-in safety margin for bursty traffic. We em-
phasize that this baseline is calibrated, not a strawman: the
target utilization, clamp bounds, and decision interval match
realistic production deployments, enabling a fair compari-
son against RL agents.

Random. A uniform random policy that selects actions
from {−2,−1, 0,+1,+2} with equal probability, establish-
ing a lower bound on performance.

3.4. Evaluation Protocol

Each trained model is evaluated on all six workload types
over 240 decision steps (60 simulated minutes at 15-second
intervals). We report: (1) total infrastructure cost (USD),
(2) total SLO violations (count of steps where latency ex-
ceeds threshold or error rate exceeds 5%), and (3) mean
replica count. All metrics include mean ± std across 5 seeds.

For baselines (HPA, Random), we run 5 seeds with different
random noise realizations.

4. Experiments
4.1. Main Results

Table 2 presents infrastructure costs across all algorithms
and workloads. Our first and most striking finding is that
HPA achieves the lowest cost on all six workloads, out-
performing every RL algorithm. This result holds because
HPA scales conservatively—maintaining fewer replicas on
average (2.0–3.0 vs. 2.7–3.8 for RL agents)—while still
achieving reasonable SLO compliance.

Table 3 reports SLO violations. Here the picture is more
nuanced: while HPA achieves zero violations on constant,
periodic, and ramp workloads, it incurs 30.0 violations on
bursty traffic—significantly more than PPO (13.7 ± 5.6)
and SAC (8.1 ± 7.5). This suggests that RL’s advantage
emerges specifically on unpredictable workloads where
proactive scaling can preempt SLO breaches.

4.2. Discrete vs. Continuous Action Spaces

Figure 2 reveals a dramatic performance gap between algo-
rithm families. Continuous-action algorithms (SAC, TD3,
DDPG) exhibit SLO violations that are one to two orders
of magnitude higher than their discrete-action counterparts
(PPO, DQN, A2C).

TD3 shows extreme variance (std = 4.38 on mean replicas),
indicating that some seeds learn functional policies while
others degenerate. DDPG consistently converges to a single-
replica policy across all seeds, resulting in the lowest cost
($0.0011) but catastrophic SLO violations (300–989 per
workload).

This failure mode arises from the action-space mismatch:
Kubernetes scaling is inherently discrete (integer replicas),
yet continuous algorithms output real-valued actions that
must be bucketed at bin edges. The discretization aliases
the reward signal: within a bin, small changes to the actor’s
output produce no change in reward (near-zero gradient);
at bin edges, infinitesimal changes produce discrete jumps
(high-variance gradient). The 50K budget is also short for
off-policy continuous algorithms, so part of the gap may
reflect undertraining—a learning-curve ablation is left to
future work.

4.3. Cost-SLO Trade-off

Figure 3 shows the composite score (normalized cost + SLO)
across algorithm-workload pairs. HPA achieves the lowest
composite scores overall (0.00–0.18); among RL methods,
SAC is strongest on SLO-dominated workloads and PPO
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Table 2. Total infrastructure cost (USD) across 6 algorithms, 2 baselines, and 6 workload types. Each cell shows mean ± std over 5
random seeds. Bold: best RL algorithm per workload. Underline: best overall. Only algorithms with mean SLO violations < 100 are
eligible for marking.

Algorithm Constant Periodic Variable Bursty Ramp Flash

RANDOM 0.0059 ± 0.0007 0.0059 ± 0.0007 0.0059 ± 0.0007 0.0059 ± 0.0007 0.0059 ± 0.0007 0.0059 ± 0.0007
HPA 0.0022 ± 0.0000 0.0025 ± 0.0000 0.0032 ± 0.0000 0.0025 ± 0.0000 0.0033 ± 0.0000 0.0021 ± 0.0000

PPO 0.0031 ± 0.0005 0.0034 ± 0.0004 0.0036 ± 0.0003 0.0031 ± 0.0007 0.0039 ± 0.0003 0.0030 ± 0.0009
DQN 0.0031 ± 0.0013 0.0034 ± 0.0008 0.0036 ± 0.0009 0.0029 ± 0.0013 0.0039 ± 0.0008 0.0031 ± 0.0014
A2C 0.0032 ± 0.0008 0.0036 ± 0.0005 0.0042 ± 0.0008 0.0038 ± 0.0011 0.0037 ± 0.0008 0.0036 ± 0.0007
SAC 0.0036 ± 0.0005 0.0040 ± 0.0008 0.0041 ± 0.0009 0.0037 ± 0.0005 0.0043 ± 0.0008 0.0039 ± 0.0002
TD3 0.0052 ± 0.0055 0.0052 ± 0.0055 0.0052 ± 0.0055 0.0052 ± 0.0055 0.0052 ± 0.0055 0.0052 ± 0.0055
DDPG 0.0011 ± 0.0000 0.0011 ± 0.0000 0.0011 ± 0.0000 0.0011 ± 0.0000 0.0011 ± 0.0000 0.0011 ± 0.0000

Table 3. SLO violations across algorithms and workloads. Each cell shows mean ± std over 5 seeds. Bold: best RL algorithm. Lower is
better; 0 indicates full SLO compliance.

Algorithm Constant Periodic Variable Bursty Ramp Flash

RANDOM 0.1 ± 0.1 152.3 ± 70.0 115.7 ± 47.9 33.4 ± 40.1 216.2 ± 99.5 68.8 ± 51.3
HPA 0.0 ± 0.0 0.0 ± 0.0 10.8 ± 0.0 30.0 ± 0.0 0.0 ± 0.0 15.0 ± 0.0

PPO 0.0 ± 0.0 0.0 ± 0.0 12.6 ± 12.8 13.7 ± 5.6 0.0 ± 0.0 19.1 ± 17.8
DQN 0.1 ± 0.2 5.3 ± 10.6 31.2 ± 31.1 17.4 ± 11.1 6.1 ± 8.3 32.5 ± 31.7
A2C 0.0 ± 0.0 0.1 ± 0.2 12.9 ± 12.6 12.4 ± 5.7 0.2 ± 0.3 23.3 ± 21.4
SAC 0.0 ± 0.0 0.0 ± 0.0 1.9 ± 2.5 8.1 ± 7.5 0.0 ± 0.0 18.9 ± 24.6
TD3 0.5 ± 0.5 452.1 ± 412.7 475.2 ± 433.8 75.0 ± 68.5 593.2 ± 541.5 180.0 ± 164.3
DDPG 0.9 ± 0.0 753.5 ± 0.0 791.9 ± 0.0 125.0 ± 0.0 988.6 ± 0.0 300.0 ± 0.0

Baselines
(Random, HPA)

Discrete
(PPO, DQN, A2C)

Continuous
(SAC, TD3, DDPG)

0.001

0.002

0.003

0.004

0.005

0.006

M
ea

n 
C

os
t (

U
SD

)

(a) Cost by Algorithm Family

Baselines
(Random, HPA)

Discrete
(PPO, DQN, A2C)

Continuous
(SAC, TD3, DDPG)

0

200

400

600

800

1000

M
ea

n 
SL

O
 V

io
la

tio
ns

(b) SLO Violations by Family

Discrete vs Continuous RL for Adaptive Resource Control

Figure 2. Discrete-action algorithms (PPO, DQN, A2C) achieve
dramatically lower SLO violations than continuous-action algo-
rithms (SAC, TD3, DDPG). The continuous family’s median SLO
count is >100× higher.

on cost-dominated ones, together forming the cost–SLO
frontier analyzed in Appendix D. Notably, DDPG achieves
a perfect 1.00 (worst) on every non-constant workload due
to its degenerate single-replica policy, confirming that cost
minimization without SLO awareness is not a viable
strategy.

4.4. Ranking Stability Under Workload Shift

Figure 4 tracks how algorithm rankings (by SLO violations)
shift across workload types—a stress test for the common
practice of training on one distribution and deploying on
another. No single algorithm maintains a consistent rank:
HPA is rank 1 on constant and periodic workloads but drops
to rank 5 on bursty traffic; PPO maintains the most stable
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Figure 3. Composite performance heatmap (0 = best, 1 = worst).
HPA and SAC form the Pareto frontier among viable algorithms.
DDPG’s degenerate policy scores 1.00 on all dynamic workloads.

ranking (rank 2–3); DQN is consistently the weakest viable
algorithm (rank 4–5); SAC shows the widest rank variance,
excelling on variable workloads (rank 1) but performing
poorly on ramp traffic (rank 4).

This instability carries a direct implication for train-to-
deploy distribution shift: the best algorithm selected on
a training distribution is unlikely to remain best after
workload shift. Benchmarks that evaluate only on the
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Figure 4. Algorithm ranking (by SLO violations) shifts across
workloads. No algorithm maintains rank 1 on all patterns. Only
viable algorithms shown (TD3, DDPG excluded).

training distribution systematically overestimate deployed
performance.

4.5. Distribution-Shift Generalization

All agents were trained on the variable workload—a
random-walk trace designed to expose the policy to diverse
conditions—and deployed on the other five workloads with-
out retraining. This probes distribution-shift generalization:
can a policy trained on one traffic distribution adapt when
deployment conditions shift?

Table 3 answers this question through the lens of SLO com-
pliance. PPO, trained on variable, achieves 0 violations on
constant, periodic, and ramp—it generalizes successfully to
these distributions. On bursty and flash, however, violations
rise to 13.7 and 19.1 respectively, showing that the policy
fails to extrapolate to heavy-tail traffic it did not see during
training. SAC generalizes more robustly on dynamic work-
loads (1.9 violations on variable itself, 8.1 on bursty) but at
the cost of systematically higher resource usage (3.19–3.78
mean replicas vs. 2.68–3.18 for PPO). DQN and A2C fall
between these regimes: both inherit PPO’s cost efficiency on
steady workloads but degrade more than PPO on bursty traf-
fic. We call this trade-off the transfer tax: algorithms that
generalize well under distribution shift pay for robustness
with additional resource cost.

Critically, the calibrated rule-based baseline incurs no trans-
fer tax because it does not train on any distribution—its
policy is a fixed function of current CPU utilization. This
explains why a properly tuned rule-based controller beats
many RL agents under distribution shift: it simply does not
overfit.

5. Discussion
Why is the calibrated baseline so competitive? A prop-
erly tuned rule-based controller is surprisingly hard to beat.
We attribute this to three factors: (i) CPU utilization is a
strong, low-latency proxy for load in most production work-

loads, making reactive scaling effective for steady-state and
mildly dynamic traffic; (ii) the 70% target provides a built-
in safety margin that prevents constraint violations under
gradual load changes; (iii) the rule-based policy does not
train on any distribution, so it incurs no transfer tax when
workload shifts. This echoes observations in broader ap-
plied RL that simple, well-tuned baselines are routinely
underestimated (Dulac-Arnold et al., 2021; Henderson et al.,
2018).

When does RL help? RL’s advantage concentrates on
unpredictable workloads (bursty, flash) where proactive
scaling—learned from experience—can preempt violations
that a reactive policy cannot avoid. On bursty traffic, PPO
reduces violations by 54% relative to the calibrated baseline
(13.7 vs. 30.0) at 24% higher cost. The practical implica-
tion: RL is most valuable in deployments where the cost
of constraint violations (revenue loss, user churn) substan-
tially exceeds resource cost. In cost-dominated settings, the
rule-based controller wins.

The action-space mismatch problem. TD3 and DDPG
fail catastrophically because the discretization wrapper
aliases the reward signal: the actor sees a piecewise-constant
reward surface with flat plateaus inside bins and sharp jumps
at bin edges, producing near-zero gradients most of the time
and high-variance estimates at transitions. SAC partially
overcomes this through entropy-regularized exploration but
still pays 15–30% higher cost than discrete alternatives. The
lesson generalizes beyond autoscaling: any decision-making
problem with inherently discrete actions (allocation of indi-
visible units, discrete network flows, integer programming)
should prefer discrete-action algorithms or develop differen-
tiable abstractions.

Implications for benchmark design in decision-making
research. Our findings carry three implications for bench-
mark designers in the decision-making community: (1) Cal-
ibrate baselines. A weak baseline inflates apparent gains;
a strong baseline reveals where progress is real. Bench-
marks should document baseline tuning as carefully as RL
hyperparameters. (2) Evaluate under distribution shift.
Rankings on the training distribution do not predict rankings
under deployment shift. Benchmarks should include held-
out distributions as a first-class requirement. (3) Report
error bars across seeds. Single-seed runs can flip rankings
between discrete and continuous algorithms, or between
PPO and DQN. Claims based on one seed are unfalsifiable.

Implications for practitioners. For production deploy-
ments: (i) always calibrate the rule-based controller before
evaluating RL—many reported gains may reflect baseline
weakness rather than algorithmic superiority; (ii) prefer
discrete-action algorithms (PPO, A2C) for indivisible-unit
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resource allocation; (iii) evaluate on a diversity of work-
load patterns, because algorithm rankings are workload-
dependent.

Limitations. The benchmark uses a simulated environ-
ment calibrated to real Kubernetes metrics from a Kind clus-
ter. This choice enables reproducibility and scale (240 runs),
but may not capture all dynamics of production clusters (net-
work latency under load, node failures, multi-tenancy). The
training budget (50K steps) is modest; longer training may
narrow the gap between algorithms, though our matched-
budget design ensures fair cross-algorithm comparison. We
evaluate single-service scaling; multi-service and cluster-
level scaling remain open challenges that we plan to address
in future work via learned graph-based dynamics models.

6. Conclusion
We introduced RLSCALE-BENCH, a reproducible bench-
mark and evaluation protocol for deep reinforcement learn-
ing on adaptive resource control, instantiated on Kubernetes
Horizontal Pod Autoscaling. A systematic comparison of
six algorithms across six workload patterns and five random
seeds reveals that (1) a calibrated rule-based controller re-
mains the most cost-effective solution; (2) discrete-action
algorithms outperform continuous-action ones by orders of
magnitude due to action-space mismatch; and (3) no sin-
gle algorithm dominates across workloads, with rankings
shifting by up to four positions under distribution shift.

These findings challenge the prevailing narrative that deep
RL straightforwardly outperforms rule-based control in
resource management. We argue instead that the bottle-
neck lies in reward engineering, baseline calibration, and
evaluation protocols that reflect real-world deployment
challenges—problems the decision-making community can
address through shared benchmarks and higher evaluation
standards. We release the full benchmark suite, trained
models, and evaluation data to support this goal.1

Future work. We plan to extend RLSCALE-BENCH in
three directions: (i) learned world models for cascade-aware
planning, where an agent rolls out trajectories in a predicted
dynamics model to preempt chain failures before they occur;
(ii) safe planning via constrained rollouts that guarantee zero
violations during deployment; and (iii) graph-structured re-
source control across multi-service topologies, where scal-
ing decisions propagate through a dependency graph.
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A. Hyperparameter Details
Table 4 lists the full hyperparameter configuration for each
algorithm. All algorithms share the same network archi-
tecture and training budget; algorithm-specific parameters
follow Stable-Baselines3 (Raffin et al., 2021) defaults ex-
cept where noted.

B. Environment Calibration
The simulated environment is calibrated against metrics col-
lected from a real Kubernetes cluster running Online Bou-
tique on Kind with Prometheus monitoring. Key calibration
points:

• CPU response: CPU% = 5.0 + (QPS/replicas) × 0.7,
calibrated so HPA triggers scale-up at ∼100 req/min per
replica.

• Latency model: p95 = 50 + (QPS/replicas)1.5 × 0.08
ms, with exponential degradation under overload.

• SLO threshold: p95 < 500 ms and error rate < 5%.
• Cost model: $0.01 per replica per decision step (15

seconds), approximating on-demand cloud pricing at
$0.04/vCPU-hour.

C. Full Results: Viable Algorithm Comparison
Figure 5 shows the complete cost and SLO comparison for
viable algorithms (HPA, PPO, DQN, A2C, SAC) across all
six workloads with 95% confidence intervals.
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Figure 5. Cost and SLO violations for viable algorithms across all
workloads. Error bars show 95% CI over 5 seeds. HPA achieves
lowest cost on all workloads. RL algorithms show advantage only
on bursty/flash SLO compliance.

D. Cost-SLO Pareto Analysis
Figure 6 shows the cost-SLO scatter for all algorithms. Each
point represents one (algorithm, workload) pair. The Pareto
front connects methods that are not dominated on both cost
and SLO simultaneously.
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Figure 6. Cost-SLO Pareto front. Left panel: all algorithms (sym-
log scale). Right panel: viable algorithms only. HPA dominates
on cost; SAC achieves lowest SLO on dynamic workloads.
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Table 4. Hyperparameter configuration. Shared parameters are
listed under “Common”; algorithm-specific parameters follow SB3
defaults.

Parameter Value

Common
Network architecture MLP [256, 256]
Training timesteps 50,000
Training workload Variable
Decision interval 15 seconds
Episode length 240 steps (60 min)
Reward normalization Min-max to [−1, 0]
Random seeds {42, 123, 456, 789, 1024}
PPO
Learning rate 3× 10−4

Batch size 64
Number of epochs 10
Clip range 0.2
GAE λ 0.95

DQN
Learning rate 1× 10−4

Buffer size 50,000
Batch size 64
Target update interval 500
Exploration fraction 0.3
Final ϵ 0.05

A2C
Learning rate 7× 10−4

Number of steps 5
Value function coefficient 0.5
Entropy coefficient 0.01

SAC
Learning rate 3× 10−4

Buffer size 50,000
Batch size 256
τ (soft update) 0.005
Automatic entropy tuning Yes

TD3
Learning rate 1× 10−3

Buffer size 50,000
Batch size 256
Policy delay 2
Target noise 0.2

DDPG
Learning rate 1× 10−3

Buffer size 50,000
Batch size 256
τ (soft update) 0.005
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