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Abstract
Testing applications under realistic resource contention is

challenging because production workloads are often inac-
cessible due to privacy and proprietary concerns. Existing
approaches either use simplistic resource stressors that fail to
capture temporal dynamics and multi-resource interactions,
rely on limited benchmark suites, or require exhaustive per-
application profiling. This paper explores an alternative direc-
tion: Synthesizing executable workloads from resource usage
traces to reproduce realistic colocation scenarios.

We present MIMESYS, a system that transforms time-series
resource usage traces into executable workloads that emulate
resource contention patterns. MIMESYS represents emulated
workloads as compositions of resource stressors and employs
a diffusion-based generative model to learn the inverse map-
ping from traces to stressor compositions. We introduce two
key ideas: state-aware conditioning that conditions genera-
tion on both target traces and prior system state to capture
temporal dependencies, and execution-driven alignment that
adapts the model to real application patterns using direct ex-
ecution feedback without requiring ground-truth labels. Our
evaluation shows that MIMESYS achieves up to 5.5× higher
trace similarity and reproduces application performance under
contention 2.6× more accurately than baselines.

1 Introduction
Access to real-world production applications is essential for
many research and engineering tasks. Researchers need real-
istic workloads to evaluate system designs, architectures, and
optimizations. Developers require representative applications
to test their software under production-like conditions. Clus-
ter operators need diverse workloads to benchmark hardware
configurations and inform capacity planning decisions.

Unfortunately, obtaining access to production applications
is often impractical. Privacy regulations prevent organizations
from sharing applications that process sensitive user data,
while proprietary concerns make companies reluctant to dis-
close intellectual property. Even when sharing is permitted,
applications often have complex dependencies on internal in-
frastructure that make them difficult to package and distribute.

As a result, the community today relies on imperfect al-
ternatives. Public resource usage traces from production sys-
tems [29,54] capture metrics such as CPU utilization, memory
bandwidth, cache usage, and I/O throughput, but they provide
only aggregate system behavior without executable workloads.
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Figure 1: Overview of MIMESYS with its key ideas.

Benchmark suites [8, 47, 48] offer reproducibility but are dif-
ficult to generalize beyond their limited coverage and lack
diversity. Testing directly in production is resource-intensive,
difficult to scale, and fails to provide reproducible conditions
as workload contention evolves over time. Synthetic workload
generation offers a more promising path [44], but existing ap-
proaches fall short: resource stressors [3,26] are typically used
in simplistic ways that poorly capture temporal variations and
multi-resource interactions, while application cloning tech-
niques [27, 28] require exhaustive per-application profiling
and primarily reproduce coarse-grained statistical patterns
rather than fine-grained temporal dynamics.

This paper asks: Can we reverse-engineer executable work-
loads from resource usage traces? Cluster operators routinely
collect such traces from production environments, capturing
resource usage patterns over time. If we could synthesize ex-
ecutable workloads that reproduce these patterns, we could
enable realistic testing and experimentation without requiring
access to actual production applications. This would provide
controlled, reproducible environments while preserving pri-
vacy and protecting proprietary information.

We explore this question in a concrete context: reproducing
realistic environments for testing applications under resource
contention from co-resident workloads. In production deploy-
ments, colocated workloads compete for shared resources
such as CPU, memory bandwidth, cache, and I/O, creating
contention that can degrade application performance. This
contention remains hidden when testing in isolation, lead-
ing developers to deploy applications that perform poorly or
violate service-level objectives under real deployment condi-
tions. An ideal solution would synthesize workloads at the
application-logic level, reproducing not only system-level
resource usage but also fine-grained characteristics such as
memory access patterns and microarchitectural behaviors.



We present MIMESYS, a system that takes a practical first
step toward this vision by transforming resource usage traces
into executable workloads that emulate realistic colocation
scenarios (Figure 1). While synthesizing application logic
from traces remains infeasible, we observe that for reproduc-
ing resource contention, emulating resource usage patterns
suffices without recovering the underlying application logic.
MIMESYS represents emulated workloads as compositions of
parameterized resource stressors and learns the complex, non-
linear mapping from resource usage traces to stressor compo-
sitions. By using stressors as expressive building blocks rather
than simple, pre-configured tools, MIMESYS can approximate
diverse, realistic resource usage patterns in a practical and
scalable manner. We employ a diffusion model to learn this
mapping because it can capture complex, multimodal distri-
butions over stressor compositions ( 1 in Figure 1).

Realizing this approach entails two challenges. First,
stressor compositions exhibit complex temporal and cross-
resource dependencies, where a stressor’s impact depends on
concurrent execution and prior system state. Second, real ap-
plications exhibit structured behaviors driven by their compu-
tational logic that differ from arbitrary stressor combinations,
requiring explicit alignment beyond synthetic training data.

We address these challenges with two key ideas. First, we
introduce state-aware conditioning ( 2 ) that conditions gen-
eration not just on target traces but also on prior system state.
Unlike conventional diffusion models, our approach incor-
porates previously generated stressor compositions and their
resulting resource usage into the conditioning mechanism,
enabling the model to capture temporal dependencies. Sec-
ond, we devise execution-driven alignment ( 3 ), a training
approach that adapts the model to real application behaviors
without requiring ground-truth stressor labels. Inspired by
preference optimization [11, 24, 37] in generative models,
this approach learns from unlabeled real application traces
through direct execution feedback, bridging the gap between
synthetic training data and real application traces.

We implement MIMESYS in Python for model training and
inference and C++ for the executable generator. The diffusion
model uses a U-Net architecture [42] with 8.9M parameters
and trains in ≈4 hours on one NVIDIA A100 GPU. The exe-
cutable generator extends Fleetbench [8] with stress-ng [26]
stressors, supporting diverse resource usage patterns across
CPU, memory, cache, and I/O. We open-source MIMESYS at
https://github.com/ldos-project/mimesys.

Our evaluation shows that MIMESYS generates emulated
workloads that closely reproduce multi-resource usage pat-
terns of diverse workload mixes. Using the Dynamic Time
Warping distance metric [10], MIMESYS achieves up to 5.5×
higher similarity compared to stressor-based baselines. We
further demonstrate that MIMESYS accurately emulates appli-
cation performance under contention across multiple bench-
marks. For example, MIMESYS reproduces throughput degra-

dation in database workloads with an average error of 8.3%
points, outperforming baselines by 2.6×.

2 Background and Motivation

2.1 Need for Realistic Testing Environments
To evaluate whether an application will perform well in prac-
tice, application developers need to test it in realistic environ-
ments. An environment can be defined by two components:
(1) the hardware configuration (e.g., CPU, memory, storage,
network bandwidth) and (2) the collocated workloads that run
alongside the target application. For a given hardware config-
uration, realistic colocated workloads are essential because
they share computing resources with the target application,
creating resource contention that can affect performance in
ways that remain hidden when testing in isolation. This re-
source contention, arising from competition for CPU, memory
bandwidth, cache, and I/O devices, is a defining characteristic
of production deployments where applications are colocated
with other workloads on shared infrastructure.

The need for such realistic testing environments is particu-
larly pronounced in cloud settings, where providers colocate
multiple tenant applications on shared physical hosts to im-
prove resource utilization. This colocation creates resource
contention that makes performance unpredictable [39, 52, 57],
where colocated workloads unintentionally interfere with one
another as noisy neighbors. Application developers need to
test their applications against these realistic contention pat-
terns before deployment to ensure their applications will per-
form acceptably under production conditions. For example,
TUNA [19] demonstrates the value of testing under realistic
noise by modeling resource contention from noisy neighbors
during database configuration tuning, enabling it to identify
configurations that remain robust when deployed.

Beyond simply exposing applications to realistic con-
tention, developers also need these testing environments to be
reproducible. Reproducibility enables developers to systemat-
ically evaluate different application configurations, conduct
fair performance comparisons, and validate optimizations un-
der consistent conditions. However, prior studies [18, 21, 51]
highlight the difficulty of achieving such reproducibility in
shared environments where resource contention varies unpre-
dictably. Without reproducible testing conditions, developers
struggle to isolate the effects of their changes from environ-
mental noise, making it difficult to draw reliable conclusions
from their experiments.

Difficulties in obtaining realistic colocated workloads. Un-
fortunately, obtaining realistic colocated workloads is chal-
lenging. One straightforward approach would be to use actual
workloads from production deployments. However, actual ten-
ant workloads cannot be shared due to privacy and proprietary
concerns. Even when developers have access to production
environments for testing, they face two critical limitations.

https://github.com/ldos-project/mimesys


First, it is resource-intensive and difficult to scale. Devel-
opers must deploy their applications into production-like in-
frastructure to experience realistic contention. For instance,
TUNA requires actual deployment to measure performance
impact from noisy neighbors, demanding substantial infras-
tructure (10 nodes over 8 hours per run) that becomes imprac-
tical when many developers need to test diverse applications.

Second, production environments evolve continuously as
workloads change, making it difficult to achieve reproducible
testing conditions. The contention patterns observed in pro-
duction represent specific deployment states that may change
over time, preventing developers from conducting consistent
experiments across different configurations or optimizations.

2.2 Limitations of Existing Approaches
Given the difficulties in obtaining realistic workloads from
production environments, synthetic approaches offer an at-
tractive alternative. Rather than using actual production work-
loads, these approaches generate controlled workloads or in-
ject artificial interference to mimic resource contention effects.
Developers can use synthetic workloads to reproduce stress
conditions in a controlled manner while avoiding the infras-
tructure costs and privacy concerns of real-world testing.

However, existing approaches exhibit limitations in accu-
rately reproducing realistic deployment conditions.

Resource stressors. Resource stressors such as stress-ng [26]
and Intel MLC [3] are commonly used to inject resource con-
tention. These tools intentionally stress specific resources
(e.g., CPU or memory) for a given duration, enabling re-
searchers to study how systems behave under abnormal con-
ditions [35, 46, 57]. However, stressors are typically used in
simple ways: practitioners manually select a few stressors
to run continuously at maximum intensity for fixed duration.
As shown in §7, this naïve usage poorly captures the realis-
tic conditions operators observe, where applications exhibit
temporal variations in resource usage (e.g., periodic bursts,
gradual ramps) and complex multi-resource interactions (e.g.,
memory access patterns that depend on CPU load).

Application benchmarks. Standard benchmarks such as
SPEC [47], DCPerf [48], and Fleetbench [8] are carefully
designed by domain experts to represent realistic workloads.
While benchmarks offer better realism than stressors, they
cover only a limited subset of real-world application behav-
iors. Furthermore, diversifying benchmarks to cover new
workload types is challenging: each new benchmark requires
manual effort to implement applications that reflect evolving
workload characteristics, making it difficult to keep pace with
the diversity of modern applications.

Application cloning. Application cloning techniques [27,28]
generate synthetic programs that replicate the performance
and resource usage profiles of complex or proprietary applica-
tions without exposing their internal logic. They profile target
applications across the system stack (e.g., I/O operations,

kernel activities) to capture their statistical resource usage
properties, then construct synthetic programs that exhibit sim-
ilar characteristics. However, achieving such fidelity requires
exhaustive profiling for each application, making it costly
to extend cloning to a diverse set of applications. Further-
more, cloning methods primarily reproduce coarse-grained
statistical patterns (e.g., mean or median resource utilization)
rather than fine-grained temporal dynamics. This focus on
statistical characteristics means cloned applications cannot
effectively capture the dynamic, time-varying resource usage
that characterizes real workloads.

3 Design Overview
To address the limitations of existing synthetic approaches
while avoiding the costs of real-world deployments, we pro-
pose MIMESYS, a system that transforms resource usage
traces into executable workloads that run alongside a devel-
oper’s target application to emulate realistic collocated work-
loads. Resource usage traces capture system resource con-
sumption over time, recording metrics such as CPU utilization,
memory bandwidth, cache usage, and I/O throughput. Our key
insight is that while recovering individual application logic
from traces is infeasible, we can synthesize executables that
reproduce similar time-series resource usage patterns when
executed on the same or similar hardware. Unlike application
cloning, which targets individual applications and requires
exhaustive per-application profiling, MIMESYS synthesizes
environment-level workloads from aggregate resource usage
traces. This enables realistic synthetic test environments with-
out requiring access to actual production workloads.

3.1 Our Approach
MIMESYS is built on two key ideas.
Stressor composition. We represent emulated workloads
as compositions of parameterized resource stressors. As dis-
cussed in §2, resource stressors generate workloads designed
to exercise specific system resources (e.g., CPU, memory,
cache, I/O). We choose stressors as building blocks because
they are already in an executable form and can be mixed and
combined to create diverse stress conditions, making them
practical for generating many different emulated workloads.
Learning trace-to-stressor composition mapping. How-
ever, mapping resource usage traces to stressor compositions
is challenging because the relationship between stressor pa-
rameters and observed system behavior is complex and non-
linear. Simple approaches, such as linearly scaling stressor
intensities and concurrency to match target utilization, fail for
most resources. For example, our measurements show that
interleaving a memory stressor with sleep periods to reduce
its average intensity does not produce proportional memory
bandwidth reductions; the actual bandwidth usage differs
from the target by more than 3× due to caching effects and
memory controller policies. Concurrency further complicates
this relationship: running a memory stressor with an 8 MiB
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Figure 2: MIMESYS workflow. Operators use MIMESYS to
generate emulated workloads from resource usage traces
collected in production environments. Developers retrieve
emulated workloads matching their target hardware configu-
ration and execute them alongside their applications to test
under realistic colocated workloads.

working set across eight threads increases memory bandwidth
usage by 1800× compared to a single thread. These emer-
gent behaviors make it difficult to analytically derive stressor
parameters from target resource usage patterns.

To address this complexity, MIMESYS employs a diffusion-
based generative model [22] that learns the mapping from
traces to stressor compositions. Diffusion models can cap-
ture complex, multimodal distributions over each stressor’s
parameters and support conditioning on high-dimensional,
long-horizon time-series resource usage traces, enabling trace-
driven synthesis of emulated workloads. Our model divides
resource usage traces into fixed-duration time windows and
generates a stressor composition for each window.

Workflow. Figure 2 illustrates how MIMESYS can be used.
Cloud operators (e.g., Azure, AWS, or CloudLab) capture
resource usage traces from their production environments
and feed them into MIMESYS, which generates a set of em-
ulated workloads as executables. Each workload is labeled
with metadata such as hardware configuration and the time
period when the traces were collected. The operator can then
release these emulated workloads publicly. Application de-
velopers retrieve emulated workloads that match the desired
deployment characteristics they want to test against. They run
these workloads on a hardware environment that is the same
or similar to the one described in the metadata, alongside their
target application in the testing environment.

This model is analogous to how operators release vari-
ous forms of traces today (e.g., packet traces [1], flow-level
traces [43], microservice call graph traces [29]). By sharing
emulated workloads instead of raw traces, operators provide
developers with directly executable artifacts that reproduce
realistic resource contention while preserving the privacy and
proprietary nature of the actual production workloads. Specif-
ically, MIMESYS preserves tenant-sensitive information such
as application logic, proprietary algorithms, and business data.

3.2 Challenges
While the diffusion-based stressor composition approach is
promising, realizing it entails two main challenges:

C1: Capturing temporal and cross-resource usage depen-
dencies. As mentioned in §3.1, the relationship between
stressor compositions and resulting resource usage is inher-
ently nonlinear and context-dependent. A stressor’s impact
on resources depends not only on its own composition but
also on what other stressors are running concurrently and
what execution has occurred previously. For example, prior
memory accesses can warm the cache hierarchy, drastically
reducing subsequent memory bandwidth utilization for the
same stressor composition. Similarly, CPU contention from
co-running stressors alters thread scheduling patterns, which
in turn affects cache miss rates and memory access patterns.
To synthesize realistic workloads, the model must learn these
system-level dependencies and generate stressor composi-
tions that produce target resource patterns while accounting
for temporal execution context.

C2: Aligning with real applications. MIMESYS collects
synthetic training data by executing diverse stressor combina-
tions. However, the space of possible stressor combinations
is enormous, making it challenging to ensure that the training
data covers resource usage patterns exhibited by real applica-
tions. Real applications exhibit structured behaviors driven
by their computational logic (e.g., periodic memory access
in databases, bursty compute phases in scientific workloads)
that differ from arbitrary stressor mixes. Although stressor
compositions capable of reproducing these patterns may exist,
synthetic training data alone provides insufficient supervision
for the model to discover them. Without explicit alignment
with real application traces, the model will learn only the re-
source usage distribution of synthetic stressor combinations
rather than the patterns exhibited by real applications.

3.3 Key Ideas
To address these challenges, MIMESYS incorporates two key
ideas for training the diffusion model.

I1: State-aware conditioning (§4.2). To capture temporal
and cross-resource dependencies, we propose a novel adapta-
tion of diffusion models that conditions generation not just on
target traces but also on prior system state. Unlike typical dif-
fusion models that condition on static inputs (e.g., static text
inputs in image generation), our approach makes the model
state-aware by incorporating prior system state directly into
the conditioning mechanism. Rather than generating stressor
compositions for all time windows independently, the model
generates them sequentially, conditioning each window on:
(1) target resource usage traces across multiple metrics, cap-
turing cross-resource dependencies, and (2) a previously gen-
erated stressor composition, reflecting execution temporal
dependencies. This enables the model to account for state-
dependent system effects such as cache warming and resource



contention, generating stressor compositions that adapt to how
the system state evolves over time.

I2: Execution-driven alignment (§4.3). Inspired by prefer-
ence optimization in generative models [11,24,37], we devise
execution-driven alignment, a training approach that adapts
diffusion models to match real application behaviors without
requiring ground-truth stressor labels. This approach bridges
the distribution gap between synthetic training data and real
deployment patterns through direct execution feedback. We
treat the diffusion model as a policy and apply reinforcement
learning to optimize it based on actual system execution. The
model iteratively generates stressor compositions from unla-
beled real application traces, executes them on hardware, and
receives rewards based on how closely the resulting traces
match target patterns. Policy gradient methods then update
the model to prefer compositions that better reproduce real
application behaviors.

3.4 Training and Inference Pipeline

Model training. For training, operators specify the target re-
source metrics (e.g., CPU utilization, memory bandwidth, last-
level cache (LLC) traffic) and candidate stressors. MIMESYS
collects training data by executing diverse stressor combina-
tions using novelty-guided data collection (§4.2.3) and pro-
filing their resource usage traces. The diffusion model learns
the mapping from resource usage traces to stressor composi-
tions. To capture temporal and cross-resource dependencies,
the model conditions generation on both the target trace and
prior stressor compositions (§4.2). MIMESYS then adapts
the model to real application traces through execution-driven
alignment (§4.3), which optimizes the model based on how
closely the generated workloads reproduce target resource
patterns when executed.

Emulated workload generation. During inference, opera-
tors provide target resource usage traces as input. For each
time window, the diffusion model generates a stressor com-
position conditioned on the target resource usage for that
window and the previously generated composition. The work-
load generator then translates the composition sequence into
an executable program that orchestrates the stressors across
threads and time windows (§5).

4 Training MIMESYS Model
This section formalizes the emulated workload generation
problem (§4.1), presents our diffusion model with state-aware
conditioning and training data collection (§4.2), and explains
how we adapt the model to real application traces using pref-
erence optimization (§4.3).

4.1 Problem Formulation
Consider a workload mix P executed on a system that pro-
duces multivariate time-series resource usage traces o1:T =
{o1, . . . ,oT}, where each ot ∈ RN represents N resource met-

rics (e.g., CPU utilization, memory bandwidth, LLC traf-
fic) measured over a fixed time window of size W seconds.
In our setting, we do not have access to the original work-
load P itself. Our goal is to generate an emulated workload
P′ = {a1, . . . ,aT} that, when executed on the same hardware,
produces resource usage traces similar to those of P.
Stressor composition representation. We represent each
emulated workload as a sequence of stressor compositions,
where at ∈ RM×K denotes the composition of M stressors
across K CPU threads for the tth time window. Each entry
at [m,k] specifies the fraction of W during which stressor m
executes on thread k, with values ranging from 0 to 1. For
example, at [m,k] = 0.4 means stressor m runs for 0.4 ·W
seconds on thread k within the tth window. The duration
allocated to all stressors on a single thread sum to at most W .
The aggregate intensity of a stressor type across the system is
determined by how many threads execute it concurrently.
Objective. We say that an emulated workload P′ is δ-trace-
equivalent to P under a distance metric ⊖ (e.g., mean-squared
error, Dynamic Time Warping [10]) if the trace produced
by executing P′, denoted o′1:T , satisfies ∥o1:T ⊖ o′1:T∥ ≤ δ.
The emulated workload generation problem is to learn a
function fθ : o1:T 7→ P′ = {a1, . . . ,aT} such that samples
P′ ∼ fθ(o1:T ) produce traces that are δ-trace-equivalent to
the observed traces o1:T with high probability. The objective
of MIMESYS training is to learn such a mapping that yields δ-
trace-equivalent emulated workloads across diverse resource
usage patterns.

4.2 MIMESYS Diffusion Model
Straightforward approaches such as regressing stressor com-
positions directly from traces or linearly interpolating stressor
intensities treat each time step in isolation and assume a de-
terministic, one-to-one mapping. As discussed in §3.2, these
fail due to temporal dependencies, cross-resource interactions,
and nonlinear resource behavior.
Our approach. We extend diffusion models [11, 24] to be
state-aware by conditioning generation not just on target
traces but also on prior system state. We call this technique
state-aware conditioning. Unlike conventional diffusion mod-
els that generate outputs based solely on input conditions, our
approach incorporates a prior stressor composition directly
into the conditioning mechanism. Concretely, instead of learn-
ing a direct mapping o 7→ a, we model the conditional dis-
tribution p(at | ot ,at−1), where ot represents the target trace
for the tth time window and at−1 is a stressor composition
generated at the (t −1)th window. This enables sequential
generation across time windows, where each window’s stres-
sor composition is conditioned on both the target resource
usage and the system state affected by the prior composition.

4.2.1 Why Use a Diffusion Model?

Several properties of the workload generation problem guide
our choice to use diffusion models. The mapping from traces
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to stressor compositions is one-to-many: many distinct stres-
sor compositions can produce similar resource usage patterns.
Diffusion models are well suited to handle such one-to-many
mappings through their iterative denoising process [23]. Start-
ing from noise, the model progressively refines samples while
exploring multiple feasible stressor compositions before con-
verging to a final output. This iterative refinement naturally
captures the complex multimodal conditional distributions
that arise from the one-to-many mapping. Furthermore, while
traditional search and optimization methods struggle to gener-
alize as the metric space grows (e.g., across dozens of resource
metrics), diffusion models efficiently learn the underlying
mapping to safely interpolate across workload traces not seen
during training.

Importantly, diffusion models support flexible conditioning
mechanisms through learned context embeddings [32, 36].
This allows us to realize our state-aware conditioning by
incorporating a prior stressor composition directly into the
generation process, as we discuss next.

4.2.2 Model Architecture and Training

We now formalize how to extend a diffusion model with
state-aware conditioning. The key is to define a conditioning
context that captures both the target trace and system state af-
fected by the prior stressor composition, then use this context
to guide the iterative denoising process. Figure 3 illustrates
our model architecture and training process.

Model interface. To make the diffusion model state-aware,
we construct a conditioning context that captures both the
target trace and system state. MIMESYS employs a learnable
embedder g(·) that encodes the target trace ot and a prior
stressor composition at−1 into a compact context represen-
tation: c = g(ot ,at−1). This context embedding summarizes
two key components: (1) the target resource usage patterns
across multiple metrics, capturing cross-resource dependen-
cies, and (2) how the prior stressor composition has shaped
the current system state.

With this conditioning, the model approximates the distri-
bution πθ(at | c), where at is the stressor composition for the
tth time window. Because c incorporates both target traces
and the prior stressor composition, the diffusion model gener-
ates at that accounts for state-dependent effects such as cache
warming and resource contention. This formulation enables
iterative generation across time windows: after generating at ,
this composition becomes part of the conditioning context c
for generating the next window’s composition at+1.
Training objective. The training objective is to align the
model’s predictions with the ground-truth stressor compo-
sitions observed in the training data. At a high level, this
corresponds to minimizing the expected discrepancy between
predicted and ground-truth stressor compositions:

argmin
θ

Ea′∼πθ(a|c)
[
D(a′,agt)

]
,

where agt denotes the ground-truth stressor composition and
D(·, ·) is a distance metric (e.g., mean-squared error).

In diffusion modeling, we realize this objective by instan-
tiating the general diffusion loss, where the model predicts
noise for each denoising step [22]. The clean sample a0

t is
obtained by denoising N steps from a random noise aN

t , where
a0

t corresponds to the ground-truth stressor composition at .
The training objective aims to minimize the mean-squared
error (i.e., distance) between the true noise ε and the predicted
noise εθ. The resulting training loss for the composition gen-
eration is:

L = Ea0
t ,ε,i

[
∥ε− εθ(ai

t , i,c)∥2] ,
where εθ(ai

t , i,c) is the model’s noise prediction conditioned
on the context embedding c at ith denoising step. By minimiz-
ing this loss, the model learns to reverse the noising process:
each denoising step refines a stressor composition toward
the ground-truth stressor composition paired with the context
embedding c. The context embedder g(·) is jointly trained
with the diffusion model, so its representations are optimized
end-to-end for guiding the denoising process.

During generation, the trained model synthesizes stressor
compositions by starting from Gaussian noise and iteratively
applying the learned reverse transitions, conditioned on the
context embedding (see §5 for details).

4.2.3 Novelty-Guided Training Data Collection

Training our model requires a diverse dataset of traces that
spans a wide range of resource-usage patterns across CPU uti-
lization, memory bandwidth, LLC traffic, and disk I/O. With-
out sufficient coverage of the resource space, the model cannot
learn to generate stressor compositions that reproduce diverse
or extreme resource behaviors observed in real applications.
Challenge. A straightforward approach is to randomly sam-
ple stressor compositions, execute them to collect traces, and
construct a dataset of (composition, trace) pairs. However, ran-
dom sampling produces highly skewed data. As shown in the
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Figure 4: Joint distribution of memory bandwidth and LLC
traffic for 5K training samples. (a) Random sampling pro-
duces clustered, skewed coverage. (b) Novelty-guided collec-
tion achieves more balanced resource-space coverage.

left plot of Figure 4, random combinations cluster in narrow
regions of the resource space, with many compositions pro-
ducing similar resource-usage behaviors. This occurs because
random composition draws rarely trigger extreme or asymmet-
ric resource patterns (e.g., CPU-intensive but memory-light),
causing most samples to collapse into moderate, balanced
behaviors. The resulting dataset leaves large portions of the
resource space underrepresented, limiting the model’s abil-
ity to learn mappings for diverse or high-intensity patterns.
Because profiling stressor compositions is time-consuming,
simply collecting more random samples is impractical.

Our approach. We address this challenge through novelty-
guided training data collection, which prioritizes profil-
ing stressor compositions likely to produce underexplored
resource-usage patterns. The approach collects training data
iteratively. At each round, MIMESYS trains a lightweight
prediction model (e.g., Random Forest [13] in our implemen-
tation) on the current dataset, which consists of all traces
collected from previously profiled compositions. This pre-
dictor estimates the resource usage that candidate stressor
compositions would produce. MIMESYS then assigns each
candidate a novelty score based on two complementary fac-
tors: (1) how rare its predicted trace is under the current data
distribution, measuring underrepresentation, and (2) how un-
certain the predictor is about that composition, measured via
prediction variance, indicating low-confidence regions where
the model needs more data. Compositions with high novelty
scores either produce underrepresented behaviors or expose
gaps in the predictor’s knowledge. MIMESYS selectively pro-
files the highest-scoring compositions and adds their traces to
the training set, iteratively expanding coverage toward under-
explored regions.

As shown in the right plot of Figure 4, this approach pro-
duces a dataset with substantially better coverage of the joint
distribution of memory bandwidth and LLC traffic. The im-
proved diversity enables our model to learn mappings across
a more representative range of system behaviors.

4.3 Execution-Driven Alignment
Our diffusion model trained on synthetic stressor combina-
tions learns to map resource-usage traces to stressor composi-

tions across a diverse range of patterns. However, as discussed
in §3.2, real applications produce resource-usage patterns
shaped by their algorithmic structure that often diverge from
those induced by arbitrary synthetic stressor combinations.
While the training data may span a broad range of resource-
usage values, the temporal structure and cross-resource cor-
relations characteristic of real applications are difficult to
capture through synthetic combinations alone. As a result, the
pre-trained model may fail to generate stressor sequences that
faithfully reproduce real-world application traces, even if it
performs well on synthetic test data, as shown in §7.3.
Our approach. To address this gap, we employ execution-
driven alignment, an approach inspired by preference opti-
mization in large language models [11,24]. The key challenge
is that real traces do not come with ground-truth stressor
compositions, making standard supervised learning infeasible.
Instead of learning from labeled pairs, execution-driven align-
ment learns from unlabeled real application traces through di-
rect interaction with the system. We treat the diffusion model
as a policy πθ and optimize it to prefer stressor compositions
that, when executed, produce traces similar to real applica-
tions. The model iteratively generates stressor compositions
conditioned on real application traces, executes them on ac-
tual hardware to observe their resource usage, and receives re-
wards based on trace similarity. Policy-gradient methods [30]
then update the model weights to maximize these rewards,
shifting the distribution toward compositions that better re-
produce real application behaviors. This approach bridges
the distribution gap between synthetic training data and real
deployment patterns without requiring ground-truth labels.
Optimization objective. The goal is to optimize the policy
πθ such that generated stressor compositions, when executed,
produce resource-usage traces that closely match those ob-
served in real applications. For each real trace o ∈ Treal, the
policy generates a stressor composition a′ ∼ πθ(a | o,aprev)
conditioned on the target trace o and prior composition aprev,
and obtain the corresponding trace o′ by profiling. We define
a reward function R(a′) =−D(o′,o) based on the distance be-
tween the executed trace o′ and the target trace o. For the dis-
tance metric D, we use weighted L1 distance, where weights
reflect the relative importance of each metric to operators.
The optimization objective maximizes the expected reward
over the policy distribution:

argmax
θ

Ea′∼πθ(a|o,aprev)[R(a
′)].

This objective guides policy updates toward stressor composi-
tions that, under actual execution, produce traces that more
closely align with real application behaviors.
Optimization procedure. We realize execution-driven align-
ment through a reinforcement learning algorithm that updates
the policy based on execution-derived rewards. MIMESYS
adopts the denoising diffusion policy optimization (DDPO)
framework [11, 24], which treats each denoising step in the
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diffusion model as an action and optimizes the policy via
policy-gradient methods [45] to maximize expected rewards.

The adaptation process begins with the pre-trained policy
πθ and a set of real-world traces Treal provided by the operator.
In each iteration, the policy generates a stressor composition
a′ ∼ πθ(a | o,aprev) for a trace o sampled from Treal. The
stressor compositions [aprev,a′] are then executed on a system
(i.e., server) to collect the resulting trace o′ produced by a′.
The reward R(a′) is computed by measuring the distance (D)
between the executed trace o′ and the target trace o. The policy
gradient method [40, 45] then updates the model parameters
to increase the expected reward. This process iterates until
convergence or for a fixed number of iterations, producing
an adapted model π′

θ
that better aligns with real application

patterns.

5 Executable Workload Generation
Once the MIMESYS model is trained, operators can use it to
generate emulated workloads that reproduce target resource-
usage patterns. The generation process operates on time-series
resource traces divided into fixed-duration windows, where
the window size W is a training hyperparameter determined
during model training. For example, given Ltrace = 30 seconds
of resource traces and W = 1 second, the model produces
T = Ltrace

W = 30 time windows. As described in §4.2.2, the
model generates a stressor composition at for each window
t through an iterative diffusion process conditioned on the
target trace segment ot and a prior composition at−1. This
produces a sequence of stressor compositions a1:T that must
be translated into an executable workload.

From compositions to executables. Figure 5 illustrates how
MIMESYS converts stressor compositions into executables.
The left side shows a generated composition at represented
as a matrix with three rows (one per CPU thread) and four
columns (one per stressor type, shown as different colors).
Each matrix entry specifies the fraction of the time window
allocated to that stressor on that thread. For example, the first
row shows [0.1,0.3,0.4,0.2], indicating that thread 1 should
execute stressor types 1 through 4 for 10%, 30%, 40%, and
20% of the window duration, respectively.

The executable generator maps each matrix row to a physi-
cal CPU core, as shown on the right side of the figure. Within
each window (1 second in this example), each core executes
its assigned stressors for the specified duration. The colored
segments on the right visualize these execution schedules:
Core 1 runs the red stressor for 0.2 seconds, the green stressor
for 0.3 seconds, and so on. To avoid introducing systematic
temporal bias, MIMESYS randomizes the execution order of
stressors within each window while preserving their allocated
duration. For instance, Core 2 might execute the orange stres-
sor first, then blue, then red, rather than in a fixed order.

MIMESYS generates the final executable as a standalone
C++ program that orchestrates stressor execution according
to these schedules, as we describe next.

6 Implementation
We implement MIMESYS in approximately 1.8K lines of
Python for model training and inference, and 800 lines of C++
for the emulated workload generator. We release MIMESYS
at https://github.com/ldos-project/mimesys.
Training data collection. For novelty-guided data collection
(§4.2), we implement a Random Forest predictor [13] with
100 trees that estimates resource usage from stressor compo-
sitions. The novelty score combines prediction uncertainty
(measured via variance across trees) and rarity (measured via
distance to the nearest training sample in the predicted met-
ric space). We collect training data iteratively, profiling 128
high-novelty compositions per round for 100 rounds, yielding
12K diverse training samples. We profile each data sample
multiple times for accurate measurements. Collecting the full
training dataset takes 8 hours on 8 machines, though this
time varies with the number of samples, window size, and
the number of machines used. The profiling infrastructure
collects CPU utilization, memory bandwidth, LLC traffic (via
hardware performance counters), and disk I/O throughput
(via /proc/diskstats) at 1000ms granularity using TACC
cluster’s HPC monitoring tools [49]. The stressor library
is fixed during data collection and training; consequently,
adding or replacing stressors requires re-profiling and retrain-
ing MIMESYS.
Diffusion model. The diffusion model uses a U-Net architec-
ture [42] with 8.9M parameters, where the encoder downsam-
ples the input and the decoder upsamples it to capture how per-
thread stressors jointly shape resource usage. For state-aware
conditioning (§4.2.2), we employ two MLP-based encoders:
a trace encoder that transforms target resource usage vec-
tors into a 256-dimensional embedding via 4 fully-connected
layers, and a state encoder that similarly processes prior stres-
sor compositions. These embeddings are concatenated and
injected into each U-Net layer to guide the denoising process.

We train the model in PyTorch [31] using the standard
noise prediction objective from DDPM [22]. Pretraining runs
on one NVIDIA A100 GPU with a learning rate of 1×10−4

for 2000 epochs using 25 denoising steps, taking approxi-

https://github.com/ldos-project/mimesys


mately 2 hours. For execution-driven alignment, we apply
DDPO [11] with a learning rate of 3×10−6 and the advan-
tage clipping threshold of 3, requiring an additional 2 hours
with 8 machines for profiling. We assign equal weights to
each resource type in the reward function and use a 1-second
time window (W ) for both training and inference (see Ap-
pendix B for detailed setup). The 1-second window length
was selected as a trade-off between data reliability and tem-
poral resolution. Smaller windows resulted in higher variance
in collected measurements, whereas larger windows masked
fine-grained resource dynamics and increased training data
collection time.

From the trained model, generating stressor compositions
simply incurs the diffusion model’s inference cost. In our
setup, it processes roughly 190 time windows per second with
a batch size of 128 on an A100 GPU.

Executable generator. We build the executable generator
by extending Fleetbench [8] with additional stressors from
stress-ng [26], supporting stressor types spanning CPU (inte-
ger arithmetic, floating-point operations), memory (sequen-
tial/random access with varying working set sizes), cache
(LLC-focused access patterns), disk I/O (sequential/random
reads and writes), and a sleep stressor for idle periods. Each
stressor is implemented as a parameterized C++ function.
To translate model-generated compositions into executable
workloads, we implement a code generation module that pro-
duces standalone C++ programs. For each time window, the
generator maps stressor parameters to thread-level execution
schedules and randomizes stressor execution order within
each window to avoid temporal bias.

7 Evaluation
We evaluate MIMESYS to answer four key questions:
• Can MIMESYS reproduce performance degradation caused

by noisy neighbor effects (§7.1)?
• How closely do MIMESYS-generated workloads’ resource

usage patterns match those of real applications (§7.2)?
• How effective are MIMESYS’s techniques (§7.3)?
• How sensitive is MIMESYS to input trace variations (§7.4)?

Experimental setup. We evaluate MIMESYS on Cloud-
Lab [17] c220g2 machines (Intel Haswell, 20 cores) running
Ubuntu 22.04 with Linux kernel 5.15. Input traces consist
of per-core CPU utilization, memory bandwidth, LLC traffic,
and disk I/O (23 dimensions). We use 14 stressors spanning
CPU, memory, cache, and disk I/O resources chosen based on
their distinct resource-usage patterns to ensure diversity (see
Appendix A for the complete list). To construct this stressor
set, we first profiled approximately 600 candidate stressors
from Fleetbench and stress-ng, then selected representative
stressors based on their resource-usage characteristics to max-
imize coverage of the resource-usage space while avoiding
redundant behaviors.

Category Workloads Distributions

Web Serving DaCapo [12], Renaissance [34] 31%
Big Data HiBench [2] on Spark [56] 32%
KV Store YCSB [15] on Redis [5],

memcached [4], FASTER [14]
14%

ML Inference MLPerf Inference [38]
(ResNet50 [20], StableDiffusion [41])

11%

Database TPC-C [6] on Silo [50], TPC-H [7] on
PostgreSQL [33]

7%

Graph GAP Benchmark [9] 5%

Table 1: Workloads used in the evaluation.

Workloads. We construct realistic contention scenarios by
colocating multiple workloads, each running in a separate
VM on Linux/KVM on shared physical machines. We create
workload mixes by colocating up to 6 workloads sampled
from popular benchmarks (Table 1) according to Azure’s
workload distribution [16, 53] for realism. To ensure broad
coverage of contention scenarios, we balance the mixes by se-
lecting an equal number for each colocation level, controlling
the average total load. For each mix, we run workloads for
5 minutes and collect traces across CPU utilization, memory
bandwidth, LLC traffic, and disk I/O, totaling 10 hours of
diverse workload patterns.

Baselines. We compare MIMESYS against three baselines:
Search-based: For each time window, it selects the stressor
composition from the training data with minimum Euclidean
distance to the target trace in resource usage space.
Linear interpolation: For each time window, it identifies the
100 nearest training samples in resource usage space and lin-
early interpolates their stressor compositions to approximate
the target trace.
Single stressor: Uses a single resource-targeting stressor with
calibrated sleep intervals to match per-core CPU utilization.
We use Fleetbench (swissmap) for cache and memory band-
width, and stress-ng (readahead) for disk I/O.

Metrics. We evaluate fidelity using two metrics. First, trace
similarity measures how closely synthetic traces match real
ones using the Dynamic Time Warping (DTW) distance met-
ric [10], which captures temporal alignment and shape similar-
ity. DTW distances are normalized to [0,1], where 0 indicates
identical traces (a value of 0.1 indicates roughly 10% differ-
ence). Second, application performance degradation com-
pares the impact on colocated applications (throughput drop
or latency increase) when running alongside synthetic vs. real
workloads. We report the %-point difference in degradation.

7.1 Reproducing Noisy Neighbor Effects
To serve as useful test environments, MIMESYS-generated
workloads must induce similar performance impacts on colo-
cated applications as real workloads. We measure application
performance (throughput or latency) when colocated with
MIMESYS-generated workloads vs. real workloads. To clearly
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Figure 6: Differences in application performance degrada-
tion when colocated with synthetic workloads generated by
MIMESYS or baselines.

expose contention effects, we configure colocated workloads
to use more than 50% of available CPU cores, ensuring mea-
surable performance degradation on the target application.

Overall results. We evaluate 6 target applications span-
ning databases (TPC-C on Silo), key-value stores (YCSB
on FASTER and Redis), file I/O (FIO), big data (Spark Sort),
and web serving (DaCapo). Figure 6 shows the difference in
performance degradation when colocating these applications
with MIMESYS-generated vs. real workloads.

MIMESYS achieves an average degradation difference
of 8.3% points across all applications, compared to 19.4%
points for the next best baseline (Interpolation). This shows
that MIMESYS captures the resource contention dynamics
more accurately than baselines. The baselines perform incon-
sistently across applications. For example, the Fleetbench
baseline, one of single stressor baselines, achieves 11.8%
points for FIO but 28.1% points for TPC-C, as it focuses
on cache and memory bandwidth stress without capturing
cross-resource interactions. For certain applications like Da-
Capo, MIMESYS exhibits higher degradation differences (15%
points), where we use p90 latency as the performance metric.
Capturing tail latency effects is more challenging due to their
sensitivity to request-level dynamics and data access patterns.
For example, for Redis, the throughput degradation predicted
by MIMESYS differs by only 5.3% points, whereas the corre-
sponding p99 latency degradation can vary by as much as 9×.
This effect arises because, for some cases, small differences
in request-level behavior can amplify into large tail-latency
changes, making tail latency hard to reproduce with aggregate
stressors.

Figure 7 shows a detailed view for TPC-C and FIO. We plot
normalized throughput compared to isolated runs, varying
the colocated workloads from real workload mixes (blue)
and synthetic workloads generated by MIMESYS (red) or
the baselines. Different workload mixes (labeled on the x-
axis) induce varying contention levels, causing throughput
drops from 3% to 23% (blue horizontal lines). MIMESYS-
generated workloads closely track the degradation caused by
real workloads across all mixes, while baselines show larger
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Figure 7: Application performance degradation while varying
colocated workload mixes for (a) TPC-C on Silo and (b) FIO.

deviations. In TPC-C (Figure 7a), Mix A (two web servers and
one ResNet50 inference) causes a minimal throughput drop of
3%, which most synthetic workloads capture well. However,
for mixes B to F with KV and Spark workloads that induce
higher contention, MIMESYS maintains close alignment with
real workload degradation, while baselines do not consistently
track the patterns. For FIO (Figure 7b), running sequential
read/write operations alongside colocated workloads causes
throughput drops from 5% to 25%. MIMESYS reproduces
these drops across all workload mixes, while baselines show
deviations in several mixes (e.g., Mix A and D).
Case study: TPC-C on Silo. The ability to reproduce time-
varying performance impacts is crucial for evaluating appli-
cations under realistic contention. We examine a case where
TPC-C on Silo is colocated with two applications (Spark run-
ning SVD and a Renaissance web server), each running in
separate VMs. Figure 8 shows TPC-C throughput and re-
source usage over time when colocated with real workloads
(blue) vs. MIMESYS-generated workloads (red). For the appli-
cation throughput, we report the difference from the isolated
run (no colocation) in percentage to highlight performance
degradation due to contention.

As shown in the first plot, when colocated with a real work-
load mix, TPC-C throughput drops up to 37% after 30 seconds.
The resource usage plots below reveal the contention sources:
spikes in memory bandwidth, LLC traffic, and CPU utilization
(we show per-core utilization for CPU 0 of the web server and
CPU 8 of Spark for brevity). Y-axis ranges are normalized by
the maximum values from training data.

MIMESYS-generated workloads reproduce this behavior
with 4% average throughput deviation and 8% DTW dis-
tance in resource usage patterns. Both the timing and mag-
nitude of performance degradation closely match the real
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Figure 8: TPC-C throughput and resource-usage over time
when colocated with real (Spark & Renaissance web server
workload mix) vs. MIMESYS-generated workloads.

workload scenario. The alignment between memory band-
width spikes and throughput drops suggests that memory con-
tention from Spark is the primary cause of TPC-C degradation,
which MIMESYS successfully captures. While other baselines
closely match CPU utilization, they fail to match other re-
source usage patterns, leading to larger throughput deviations
(9% for interpolation and 30% for stressor baselines).

7.2 Trace Similarities
We evaluate how closely MIMESYS-generated workloads’
resource usage traces match those of real workloads. We
report similarity using DTW distance, which accounts for
temporal misalignment and variations in time-series traces.
We classify workloads into three load levels based on CPU
core allocation: low (0-30%), mid (30-60%), and high (60%
and above).

Figure 9 illustrates the overall similarity between the gen-
erated and real traces for different metrics (CPU Utilization
per core, memory bandwidth, LLC traffic, and disk I/O) and
workload mixes (low, mid, and high load). For simplicity, we
report the average CPU utilization across all cores instead
of reporting per-core utilization separately. The results show
that MIMESYS achieves low DTW distances across all met-
rics, indicating that the generated traces closely match the
real ones. In terms of overall performance, MIMESYS out-
performs all baseline methods, achieving an average DTW
distance improvement up to 5.5× compared to our baselines.

The gaps grow with load level, demonstrating MIMESYS’s
ability to emulate complex resource patterns. Heuristic base-
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Figure 9: DTW distances between real and synthetic traces
for different metrics and workload mixes. “MEAN” reports
the average DTW error over all metrics.

0.0

0.1

0.2

0.3

0.4

DT
W

 D
ist

an
ce

CPU

0.00

0.02

0.04

0.06

0.08

0.10

0.12

IO

0.00

0.05

0.10

0.15

0.20
LLC

0.0

0.1

0.2

0.3

0.4

MEM BW
No Novelty No Alignment No State Mimesys

Figure 10: Effectiveness of the proposed techniques.

lines (search-based and linear interpolation) fail to capture
multi-resource interactions under contention, resulting in high
usage deviations. While the memory stressor baseline (Fleet-
bench) matches CPU utilization via sleep intervals, it fails to
capture other resources, yielding higher DTW distances in
memory bandwidth and LLC traffic. The IO stressor baseline
(stress-ng) performs poorly across all metrics due to its sole
focus on disk I/O.

7.3 Effectiveness of MIMESYS Techniques
In this section, we study how MIMESYS’s key techniques con-
tribute to its effectiveness. We ablate novelty-guided data col-
lection, state-aware conditioning, and execution-driven align-
ment to measure their individual impacts on trace similarity
between MIMESYS-generated workloads and real ones.

Novelty-guided training data collection. We evaluate
the impact of novelty-guided data collection by comparing
MIMESYS trained with and without this technique. Without
novelty guidance, MIMESYS collects the training data through
random sampling of stressor compositions. As shown by the
green bars in Figure 10 ("No Novelty"), random sampling
yields substantially higher DTW distances. Novelty-guided
data collection expands coverage of the resource-usage space
(Figure 4), reducing average DTW error by 2.5×.

State-aware conditioning. We evaluate state-aware condi-
tioning by comparing MIMESYS with a variant that does not
condition on prior stressor compositions. The yellow bars
in Figure 10 ("No State") show DTW distances without state-
aware conditioning. While the average difference is small
(7% higher), certain cases show larger deviations. Relative to
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Figure 11: Effectiveness of state-aware conditioning.

the same stressor composition profiled after an idle window,
the 90th-percentile change in LLC and memory bandwidth is
135.7% and 95.0%, respectively. State-aware conditioning is
beneficial in tail cases where the preceding stressor shifts the
observed metric by more than 2×.

In particular, Figure 11 presents a case study where state-
aware conditioning substantially improves fidelity. Figure 11a
shows how the memory bandwidth stressor is activated across
threads over time, where each heatmap cell represents the
fraction of time window allocated to this stressor on a particu-
lar thread. Without state-aware conditioning (left), the model
generates uniformly high activations across most threads with
little temporal variation, as shown by the bright green regions.
This uniform high intensity creates excessive memory con-
tention that drives bandwidth usage above target levels in sub-
sequent windows. In contrast, with state-aware conditioning
(right), the model generates more varied activation patterns,
reducing memory-stressor intensity when prior execution has
already created high memory load. As shown in Figure 11b,
this adaptive behavior produces memory bandwidth traces
that align more closely with the target.

Execution-driven alignment. We evaluate the impact of
execution-driven alignment by comparing trace similarity be-
fore and after this training stage. The blue bars in Figure 10
("No Alignment") show DTW distances for the model without
alignment. Without alignment, DTW errors are 59% higher on
average, demonstrating that execution-driven alignment sub-
stantially improves fidelity to real application behaviors. The
improvement is particularly pronounced for memory band-
width and I/O metrics. However, for some metrics such as
LLC, improvements are less apparent. This likely occurs be-
cause the reward function may not fully capture all dimen-
sions of trace similarity, causing the alignment process to
prioritize certain metrics over others. While adjusting metric-
specific weights can help, exploring more expressive reward
formulations remains important future work.

7.4 Sensitivity to Input Traces
We study MIMESYS’s sensitivity to variations in input traces
through two experiments.
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Figure 12: Sensitivity to input trace variations.

Random trace dropping. We randomly drop portions of
input traces during inference to evaluate robustness to incom-
plete data. Figure 12a shows DTW distances when varying
the dropping rate from 0% to 80%. As the dropping rate in-
creases, similarity degrades gradually: 1.4× higher DTW dis-
tance at 20% and up to 3.7× at 80%. Missing trace segments
challenge the model’s ability to infer accurate stressor compo-
sitions. Despite expected degradation, MIMESYS maintains
reasonable fidelity, demonstrating robustness to incomplete
traces.

Metric-specific dropping. We evaluate the impact of drop-
ping specific metric types during inference. Among the 23
input dimensions, we drop one metric type at a time and
measure the resulting DTW distances. For CPU utilization,
we drop 50% of per-core measurements; for other metrics
(memory bandwidth, LLC traffic, disk I/O), we drop the en-
tire metric during inference. Figure 12b shows the results. As
expected, dropping specific metrics increases DTW distances
for the corresponding metrics. MIMESYS maintains reason-
able fidelity across other metrics (less than 1.7× degradation),
showing it can infer stressor compositions that approximate
overall resource patterns despite missing metrics.

8 Other Related Work

Synthetic trace generation. Prior works have explored syn-
thetic trace generation for system evaluation. NetShare [55],
and NetDiffusion [25] generate synthetic network traffic that
mimics real-world patterns using machine learning models
such as GANs and diffusion models. These approaches pro-
duce network packet traces (e.g., packet sequences, flow statis-
tics) as data artifacts for purposes such as privacy-preserving
data sharing or network simulation. In contrast, MIMESYS
generates executable programs that produce resource usage
traces across multiple dimensions (e.g., CPU, memory band-
width, cache), enabling active experimentation under realistic
contention conditions.

Synthetic workload generation. Other works have explored
generating synthetic workloads to replicate the behavior of
real applications without exposing proprietary code or data.
Datamime [27] and Pbench [58] generate synthetic work-
loads for specific domains by using Bayesian optimization
to match application performance characteristics or by com-
bining database queries based on workload statistics. These



approaches focus on reproducing coarse-grained performance
metrics for specific application types. MIMESYS differs by
generating general-purpose workloads from system-level
traces that reproduce fine-grained, multi-resource usage pat-
terns over time across diverse application types.

9 Discussion
Portability across hardware platforms. MIMESYS cur-
rently targets a specific hardware platform, as the stressor
library and generative model are trained for a known envi-
ronment. Synthetic workloads generated for one platform
may not reproduce the same resource usage patterns on sys-
tems with different hardware characteristics. For example,
when synthetic workloads generated on a Haswell system are
executed on a Skylake platform, we observe 190% higher
prediction errors than using synthetic workloads generated by
a model trained and deployed on Skylake.

The degradation is primarily caused by architectural differ-
ences that change how stressors consume system resources.
While the stressors are designed for specific working-set
sizes, variations in their per-iteration execution characteris-
tics across architectures result in different LLC utilization
and memory bandwidth behaviors. As future work, the gen-
erative model could be conditioned on hardware descriptors
(e.g., CPU architecture, cache hierarchy, memory topology)
to automatically adapt stressor compositions and improve
cross-platform generalization.
Other use cases. MIMESYS could be extended to enable
operators to evaluate resource management policies under re-
alistic conditions. For example, operators could assess policy
changes (e.g., new scheduling algorithms and NUMA balanc-
ing strategies). This would require extending MIMESYS to
emulate fine-grained resource usage patterns, such as mem-
ory access patterns and cache behaviors, that influence how
resource policies interact with workloads.

More broadly, realizing these use cases will require richer
telemetry than the CPU, LLC, memory bandwidth, and I/O
metrics considered in this work. Access to additional sig-
nals, such as memory-access locality, NUMA traffic, network
activity, and accelerator utilization, together with a richer li-
brary of stressors and microbenchmarks that exercise these re-
sources, could enable more faithful workload emulation. Such
telemetry and workload primitives would allow MIMESYS
to capture resource behaviors beyond those exposed in this
work, supporting a broader range of tasks including resource
management, and performance debugging.

10 Conclusions
We presented MIMESYS, a system that generates executable
workloads from resource usage traces to enable realistic test-
ing environments. MIMESYS represents workloads as stressor
compositions and employs a diffusion model to learn the com-
plex mapping from traces to stressor compositions. Two inno-
vations enable this: state-aware conditioning, which captures

temporal dependencies by conditioning on a prior stressor
composition that affects system state; and execution-driven
alignment, which adapts the model to real application behav-
iors using direct execution feedback. Our evaluation shows
that MIMESYS achieves up to 5.5× higher trace similarity
than baselines and reproduces application performance under
contention 2.6× more accurately. By enabling reproducible
testing without proprietary access, MIMESYS opens new pos-
sibilities for systems research and practical development.
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A List of Stressors Used in MIMESYS

MIMESYS uses 14 stressors spanning CPU, memory, cache,
and disk I/O resources, selected to ensure diverse resource
usage patterns. We select these stressors by profiling approxi-
mately 600 candidates from stress-ng [26] and Fleetbench [8],
choosing those with distinct resource usage characteristics.
Table 2 lists the selected stressors along with their resource
types: Computation (Comp), Memory (Mem), Cache, I/O
(IO), and No-op (Sleep). The library column indicates the
source of each stressor (either stress-ng or a specific Fleet-
bench benchmark), while the stressor name specifies the par-
ticular function used. For brevity, we omit detailed configura-
tion parameters such as boolean flags or other default settings.

B Hyperparameters Used for Execution-
Driven Alignment

We use denoising diffusion policy optimization (DDPO) [11]
to fine-tune the diffusion model during execution-driven align-
ment (§4.3). DDPO is a reinforcement learning algorithm that

Library Stressor Name Type

Compression ZSTD_decompress_Fleet Comp
Hashing Extendcrc32cinternal_Fleet_cold Mem
Hashing Computecrc32c_Fleet_cold Mem
Libc Memcpy_Fleet_L1 Cache
Simd SerialDistanceComputation:256 Comp
Simd SerialDistanceComputation:512 Comp
Swissmap InsertMiss/density:0 Mem
Swissmap InsertManyOrdered/density:0 Mem
Swissmap InsertManyOrdered/density:1 Mem
Swissmap InsertManyUnordered/density:1 Mem
Stress_ng Readahead IO
Stress_ng Fallocate IO
Stress_ng Sendfile IO
Sleep - No-op

Table 2: Stressors used in MIMESYS with their library sources
and resource types.

adapts the pretrained diffusion model to maximize reward sig-
nals based on actual execution feedback. The training process
involves several key hyperparameters that affect both training
stability and the quality of the aligned model.

We set the learning rate to 3×10−6, which is lower than
the pretraining learning rate to ensure stable fine-tuning with-
out destroying the knowledge acquired during pretraining.
To normalize rewards and reduce variance during training,
we estimate advantages using a running mean baseline. The
running mean is computed over a buffer of 512 samples, pro-
viding a stable estimate of expected rewards. For training
stability, we clip the advantage ratio to 3, which limits the
magnitude of policy updates and prevents large, destabilizing
changes to the model during alignment.

C Artifact Appendix

C.1 Abstract
This artifact provides the implementation of MIMESYS, in-
cluding the pipeline for training data collection, diffusion-
model training, and execution-driven alignment. It also in-
cludes the scripts used to run and profile the workload mixes
in the evaluation. The artifact enables users to generate syn-
thetic workloads from resource usage traces and evaluate
their fidelity using the profiling methodology described in the
paper.

C.2 Scope
The artifact is intended to support the reproducibility of the
key results in the paper. Specifically, it allows users to:

• Collect training data from stressor executions.
• Train the diffusion model used by MIMESYS.
• Perform execution-driven alignment.
• Run the evaluation pipeline in the paper.
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C.3 Contents
The artifact includes the source code for all major components
of MIMESYS, including training data collection, diffusion-
model training, and execution-driven alignment. In addition,
it provides the scripts, configurations, and profiling infras-
tructure used to generate, execute, and evaluate the workload
mixes presented in the paper.

C.4 Hosting
The artifact is available at https://github.com/ldos-
project/mimesys. The artifact-eval branch contains
the version prepared for artifact evaluation.

C.5 Requirements
The artifact is designed to run on Linux systems capable
of executing stressors (e.g., Fleetbench and stress-ng) and
collecting resource-utilization profiles using TACC’s HPC
monitoring infrastructure. Training requires NVIDIA GPUs
with CUDA 12.x support. Detailed hardware and software
dependencies, installation instructions, and environment spec-
ifications are provided in the artifact repository.
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