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1. Introduction
Storage performance is variable even under fixed

settings: queueing effects, caching transitions, and
background activity affect both throughput and la-
tency. In practice, this variability is not well captured
by a single mean–variance pair; the conditional re-
sponse can beheteroscedastic and occasionallymulti-
modal, especially when the system operates close to
saturation or transitions between caching regimes.
For planning and configuration studies, it is therefore
natural to model conditional distributions rather than
only predict point estimates.
We build on the vendor-agnostic, measurement-

driven framework of [1], which formulates the task as
learning 𝑝 (𝑦 | 𝑥) frommeasurements and evaluates
generative surrogates using distributional metrics.
The main change in this work is methodological: we
replace the generative core with a conditional diffu-
sion model, while keeping the dataset and evaluation
protocol unchanged to enable a direct comparison.

2. Problem statement and dataset
Following [1], per-interval outcomes are treated as

samples from

𝑦 ∼ 𝑝 (𝑦 | 𝑥), 𝑦 = (IOPS, latency), (1)

where 𝑥 encodes workload descriptors and, for pools,
configuration parameters. The dataset and protocol
are taken from [1] and span a cache component and
SSD/HDD pools under random and sequential work-
loads. Inputs include access pattern and read/write
mix, request size, and concurrency/intensity controls
(e.g., jobs and queue depth), as well as pool descrip-
tors such as RAID parameters and disk count. Targets
are time-resolved measurements of IOPS and mean
latency, yielding per-condition sample clouds for dis-
tributional learning.

3. Method
We model the joint target in log space, 𝑧 =

(log IOPS, log latency), and learn a conditional diffu-
sion model that samples 𝑧 given 𝑥. Using a standard
DDPM setup [2], a denoiser takes a noisy target 𝑧𝑡
together with timestep and condition embeddings
and is trained to predict the injected noise. Sampling
the reverse process yields joint draws (�IOPS, �latency),
i.e., an explicit approximation of 𝑝 (𝑦 | 𝑥). Compared
to parametric output heads, diffusion offers a flexible
way to represent non-Gaussian conditional structure
without committing to a fixed family for 𝑝 (𝑦 | 𝑥).

4. Evaluation protocol and headline outcomes
4.1 Protocol
We follow the train/test split and per-condition

evaluation of [1]. For each held-out condition 𝑥𝑖 , we
generate samples {𝑦𝑖 𝑗 } and compare them to obser-
vations {𝑦𝑖 𝑗 }. We report moment errors via PEM/PES
(Eqs. 2–3) and distributional distances via FD/MMD
(Eqs. 4–5). Baselines follow [1] and include CatBoost
with a Gaussian head [3] and normalizing flows [4].
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Fréchetdistance (FD). Approximating the observed
and generated clouds by Gaussians N(𝜇, Σ) and
N(𝜇, Σ̂), respectively, we compute

FD = ∥𝜇 − 𝜇∥22 + tr
(
Σ + Σ̂ − 2(ΣΣ̂)1/2

)
. (4)

Maximum mean discrepancy (MMD). With a
positive-definite kernel 𝐾 (·, ·), the discrepancy be-
tween an observed cloud of size 𝑘 and a generated
cloud of size 𝑆 is
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4.2 Summary of observations
Across cache and SSD regimes, diffusion improves

distributional fit (FD/MMD) and reduces dispersion
error (PES) compared to the strongest baseline, while
maintaining competitive mean errors. The cache
regime shows the largest gain in FD, consistent with
diffusion capturing non-Gaussian structure beyond
what is induced by aGaussian head. HDD remains the
outlier: under the same protocol, CatBoost and flows
are consistently better on FD/MMD. A plausible expla-
nation is that the HDD regime exhibits sharp regime
changes and stronger tails, where diffusion requires
additional tuning (e.g., conditioning, schedules, or
objective reweighting) to match the baselines.

5. Conclusion
Conditional diffusion is an effective surrogate for

sampling (IOPS, latency) distributions in cache and
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Table 1: Quality metrics for the storage cache under
random data load

Metric kNN CatBoost NF Diffusion

PEM (IOPS), % 26 ± 2 6.3 ± 0.4 4.1 ± 0.4 1.5 ± 2.11
PEM (Lat), % 18 ± 1 4.9 ± 0.3 2.9 ± 0.2 2.7 ± 0.7
PES (IOPS), % 35 ± 2 23.9 ± 0.8 412 ± 23 10.19 ± 14.2
PES (Lat), % 30 ± 1 24.1 ± 0.9 299 ± 29 11.76 ± 14.4
FD 6655 ± 822 445 ± 57 365 ± 55 9.44 ± 4.9
MMD 1.61 ± 0.01 1.34 ± 0.02 0.59 ± 0.02 0.49 ± 0.37

Table 2: Quality metrics for the SSD pool under ran-
dom data load

Metric kNN CatBoost NF Diffusion

PEM (IOPS), % 38 ± 3 8.9 ± 0.6 10.1 ± 0.8 1.04 ± 1.62
PEM (Lat), % 19.2 ± 0.9 7.4 ± 0.4 8.8 ± 0.6 3.90 ± 0.52
PES (IOPS), % 52 ± 3 22 ± 0.9 183 ± 14 10.73 ± 15.19
PES (Lat), % 40 ± 2 25 ± 1.1 135 ± 9 23.09 ± 20.59
FD 1647 ± 211 140 ± 19 161 ± 16 5.60 ± 0.68
MMD 1.38 ± 0.02 1.05 ± 0.02 0.83 ± 0.02 0.42 ± 0.17

Table 3: Qualitymetrics for the SSD pool under sequen-
tial data load

Metric kNN CatBoost NF Diffusion

PEM (IOPS), % 31 ± 3 10.2 ± 0.9 9.9 ± 1 3.07 ± 6.09
PEM (Lat), % 42 ± 3 10.7 ± 0.7 8.1 ± 0.7 3.61 ± 0.79
PES (IOPS), % 90 ± 12 37 ± 5 134 ± 16 8.95 ± 54.13
PES (Lat), % 101 ± 16 42 ± 5 131 ± 17 7.11 ± 53.93
FD 1692 ± 241 110 ± 18 89 ± 19 3.67 ± 5.10
MMD 1.23 ± 0.03 1.01 ± 0.03 0.69 ± 0.03 0.33 ± 0.28

Table 4: Quality metrics for HDD Pool.

Metric kNN CatBoost NF Diffusion

PEM (IOPS), % 27 ± 2 10.6 ± 0.9 11.4 ± 0.9 31.17 ± 3.23
PEM (Lat), % 49 ± 4 16 ± 2 18 ± 2 16.59 ± 11.11
PES (IOPS), % 33 ± 3 18 ± 1 43 ± 4 15.32 ± 44.22
PES (Lat), % 60 ± 8 23 ± 2 62 ± 7 35.09 ± 158.9
FD 96 ± 19 5.0 ± 0.6 6.7 ± 0.9 34.92 ± 5.88
MMD 0.81 ± 0.04 0.33 ± 0.02 0.23 ± 0.02 0.73 ± 0.043

SSD regimes under the dataset and protocol of [1].
The HDD results highlight clear failure modes and
suggest that a regime-aware model choice, or HDD-
specific adaptation of diffusion, is more realistic than
a single global model across all storage types.
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