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Abstract

This paper presents a comprehensive analysis of diffusion
model serving challenges in production cloud environments.
We examine the unique computational patterns and resource
requirements that distinguish diffusion model serving from
traditional ML workloads, revealing fundamental system-
level challenges from their multi-stage pipeline architectures.
Our analysis is based on a dataset collected from a commer-
cial image generation service processing 3.5 million requests
across 300+ GPUs of production operation.

Unlike previous studies focusing on isolated components,
our dataset captures the complete execution stack from user
requests to hardware utilization, providing the first holistic
view of diffusion model serving in production. This cross-
layer instrumentation enables identification of fundamental
challenges—including extreme request distribution skew-
ness, complex multi-tier caching requirements, and signif-
icant resource management overhead—that remain hidden
in isolated layer analysis. To address these challenges, we
developed a specialized diffusion model serving system that
implements global cache coordination with dynamic scal-
ing strategies, heterogeneous fast instance templates with
optimized I/O pathways, and hierarchical prefetching with
cost-aware scheduling. Evaluation demonstrates 49.8% re-
duction in end-to-end latency and 73.1% decrease in model
loading time, highlighting how cross-layer analysis drives
substantial improvements in serving system design.
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1 Introduction

Diffusion models have emerged as a revolutionary force in
generative Al, enabling unprecedented capabilities in image,
video, and audio synthesis [9, 23]. These models have rapidly
transitioned from research prototypes to production systems
serving millions of users at scale, with commercial deploy-
ments now handling 10K+ QPS across diverse applications
ranging from creative content generation to personalized
image synthesis [9, 34, 54, 63, 64].

As a relatively new class of cloud workload, the chal-
lenges of efficiently serving diffusion models at scale remain
largely uncharted territory. Unlike traditional machine learn-
ing workloads [11, 37, 38, 42, 49, 73] or Language Model [1,
45, 60, 75], diffusion models operate through complex multi-
stage pipelines with interdependent components (base mod-
els, LoRA adapters, conditioning networks) that require care-
ful orchestration (Fig. 1).

The iterative denoising process of diffusion generation,
requiring 20-50 non-parallelizable steps, creates distinctive
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Figure 1: Diffusion model serving pipeline architecture showing
multi-component DAG structure with base models, LoRA adapters,
and conditioning networks requiring coordinated orchestration for
image generation.

resource utilization patterns, while the combinatorial explo-
sion of model variants generates unprecedented memory
management challenges. Despite rapid advancement in diffu-
sion model architectures [4, 21, 28, 29], systematic analysis
of their production serving challenges remains limited. Most
prior work focuses on algorithmic improvements [9, 54, 63]
without addressing the holistic system-level challenges that
emerge at scale, typically relying on synthetic benchmarks
that fail to capture the complex dynamics of real-world pro-
duction environments [30, 52]. What’s missing is a com-
prehensive understanding of how diffusion pipeline char-
acteristics manifest in production—where request patterns,
resource constraints, and operational requirements create
system dynamics that cannot be captured through isolated
analysis.

To this end, we collected a comprehensive production
dataset ! from a commercial image generation service over
one week, capturing 3.5 million requests across 300+ GPUs.
Our instrumentation spans the complete execution stack
with unprecedented coverage across three critical layers: (1)
application-level metrics including request patterns, model
variants, and user behavior; (2) middleware-level metrics
covering model loading times, pipeline DAG execution, and
component interactions; and (3) hardware-level resource
metrics tracking GPU utilization, memory consumption, and
I/O patterns. This multi-layer dataset uniquely provides a
holistic view of diffusion model serving dynamics in a pro-
duction environment, enabling cross-layer analysis that re-
veals optimization opportunities invisible to isolated layer
monitoring.

Our analysis of production data reveals three fundamental
challenges in diffusion model serving that span workload,
middleware, and system layers. To address these challenges,
we propose MLORA, a specialized diffusion model serving
system that leverages workload-specific insights to optimize
across the complete execution stack.

At the workload layer, production traces reveal extreme
request skewness where the top 5% of model configurations
account for 78% of requests. Unlike stable ML workloads,
this distribution shifts rapidly—dominant configurations can

!The dataset is available at https://github.com/alibaba/clusterdata/tree/
master/cluster-trace-v2026-GenAL
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lose 60-70% usage within days as creative trends evolve. This

creates fundamental tension: optimizing for popular models

starves the long tail, yet uniform allocation wastes resources.

MLoRA addresses this through popularity-aware hierarchi-

cal caching that adapts to shifting demand patterns.

At the middleware layer, we identify a resource manage-
ment paradox: 98.4% of instances operate below 20% GPU
utilization yet deliver poor latency. Root cause analysis re-
veals computation consumes only 15-30% of end-to-end la-
tency—the majority is lost to orchestration overhead. Tra-
ditional schedulers fail to account for diffusion pipelines’
stage-varying resource demands across the DAG structure.
MLORA implements component-aware scheduling that an-
alyzes pipeline dependencies to anticipate bottlenecks and
proactively redistribute resources.

At the system layer, heterogeneous component character-
istics create cascading memory management failures. Base
models (1-20GB) exhibit predictable access patterns but dom-
inate memory footprint, while thousands of LoRA adapters
(100MB-1GB) demonstrate volatile temporal locality with
unpredictable lifetimes. This mismatch amplifies data move-
ment penalties—cold-start loading consumes up to 47s, while
component combinations trigger 15GB+ cascading trans-
fers across memory tiers. MLORA exploits this heterogene-
ity through component-specific memory policies that align
caching strategies with access patterns while preserving
pipeline dependencies.

Production evaluation through A/B testing demonstrates
MLORA'’s effectiveness in addressing the identified chal-
lenges. End-to-end latency reduces by 49.8%, with model
loading time decreasing by 73.1%—directly targeting the
data movement bottlenecks that dominate diffusion serv-
ing. Resource utilization improves by over 100%, resolving
the paradox of simultaneous GPU underutilization and poor
performance. These results validate that workload-aware
system design can fundamentally transform diffusion model
serving efficiency.

The contributions of this paper are:

e We present the first comprehensive production dataset
spanning workload, middleware, and system layers for
diffusion model serving, revealing cross-layer optimization
opportunities invisible to isolated analysis

o We identify three fundamental challenges in diffusion serv-
ing: extreme request skewness with shifting popularity,
combinatorial pipeline complexity, and resource allocation
mismatches

o We design and evaluate MLORA, demonstrating 49.8% la-
tency reduction and 100%+ resource utilization improve-
ment through workload-aware system design, establishing
effective optimization principles for diffusion servings
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2 Background and Motivation

2.1 Diffusion Model Architecture Overview

DAG-based Pipeline Architecture. Production diffusion
model serving systems are structured as directed acyclic
graphs (DAGs), where specialized components interact in
orchestrated inference workflows [44, 75]. Base models (e.g.,
Stable Diffusion variants) provide core generative capabili-
ties, connecting to adaptation layers like LoORA modules for
style control and ControlNet models for conditional genera-
tion [9, 23]. Each DAG node represents distinct processing
operations with specific resource requirements, while edges
encode data dependencies that constrain execution order-
ing [51]. This architecture enables flexible customization
but introduces significant system complexity—each node re-
quires coordinated resource management across the entire
execution graph [15].

Component Heterogeneity. The multi-component archi-
tecture creates unique serving challenges through extreme
heterogeneity [42]. Base models (1-20GB) exhibit stable ac-
cess patterns but consume substantial memory with loading
times directly impacting cold-start latency. LoRA adapters
(100MB-1GB) enable lightweight style customization but cre-
ate unpredictable access patterns across thousands of vari-
ants. ControlNet models [71] (500MB-10GB) provide struc-
tural guidance but add conditional complexity [54, 63]. This
combinatorial explosion—hundreds of base models x thou-
sands of LoRAs x dozens of ControlNets—creates an expo-
nentially large configuration space that conventional ML
serving systems cannot efficiently manage [10].

Multi-tier Resource Hierarchy. Diffusion inference oper-
ates across a complex memory hierarchy that creates cas-
cading performance bottlenecks [5]. Models flow from dis-
tributed storage through host memory to GPU [16, 24, 36],
with each tier imposing distinct constraints: network band-
width limitations ( 2GB/s), host memory capacity bounds,
and PCle transfer bottlenecks [20]. Our production data re-
veals cold-start model loading consumes 30-95% of total re-
quest latency, with larger models requiring up to 47 seconds
for initial loading. Resource coordination across this hierar-
chy requires managing distributed storage durability, local
cache hit rates, and GPU memory fragmentation simultane-
ously—a challenge absent in conventional ML serving where
model configurations remain stable and homogeneous [7].

2.2 Motivation

Diffusion models fundamentally differ from conventional ML
workloads through their sequential denoising architecture
and heterogeneous multi-component pipelines [9, 23]. De-
spite extensive algorithmic advances, the systemic challenges
of production-scale diffusion serving remain critically un-
derexplored [11, 42]. Current serving systems, optimized for
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Figure 2: Base model request skewness analysis. The Gini coefficient
of 0.876 indicates a highly skewed distribution, with the top 1 model
accounting for 28.8% of requests. This highlights the significant con-
centration of requests on a few popular models, leading to resource
allocation challenges.

stable model configurations and uniform resource patterns,
fundamentally misalign with diffusion pipelines’ dynamic
component combinations and extreme resource heterogene-
ity [5, 40].

This potential mismatch motivates a deeper investigation
into the gap between algorithmic advances and practical
deployment efficiency. Production diffusion services may ex-
perience performance challenges that stem from workload-
agnostic system design [59]. Understanding these challenges
requires comprehensive analysis of real-world deployment
patterns and their interaction with existing serving infras-
tructure.

To investigate these questions, this paper presents the
first comprehensive production analysis of diffusion model
serving, examining 3.5 million requests across 300+ GPUs
over 7 days from a commercial image generation service.
Our analysis provides unprecedented visibility across the
complete execution stack—from application-level workload
patterns to system-level resource utilization. Through this
cross-layer analysis, we aim to identify potential inefficien-
cies and establish design principles for diffusion-specific
serving architectures that address the unique challenges of
production deployment.

3 Workload Characterization
3.1 Request Distribution Imbalance

Base model requests exhibit extreme inequality with a Gini
coefficient of 0.876, where the top model captures 28.8%
of requests and the top five models serve 70.4% of traffic
(Fig. 2a) [11]. This skewness creates a fundamental para-
dox: popular models experience longer execution times (29s
vs 25.8s for unpopular models) due to resource contention,
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Figure 3: LoRA adapter usage distribution across requests. The long-
tail nature of LoRA usage leads to significant cache management
challenges, as most adapters are rarely used but still need to be
cached for occasional requests.

while cold models suffer from loading penalties (Fig. 2b) [12].
The performance inversion stems from concurrent requests
creating GPU memory fragmentation—a critical issue when
individual models consume up to 20GB [20].

The frequency-latency relationship (Fig. 2d) reveals per-
formance degradation at both extremes: rarely-used models
incur cold-start penalties, while heavily-requested models
suffer resource constraints [52]. This pattern is amplified
in diffusion systems where cold model loading can require
40+ seconds—making skewness impact orders of magnitude
more severe than conventional ML serving [18].

3.2 Long-tail of LoORA Adapter Usage

LoRA adapters exhibit extreme usage diversity with severe
long-tail characteristics that fundamentally challenge con-
ventional caching mechanisms. Among 705 unique adapters,
only 23.5% handle 80% of all requests (Fig. 3a), creating a
combinatorial caching dilemma unique to diffusion systems.
While 78.8% of requests use no adapters, the remaining 21.2%
require 1-6 adapters simultaneously (Fig. 3b), exponentially
expanding the state space that systems must manage.

This diversity directly impacts performance through cas-
cading loading penalties. Requests without adapters average
23.9 seconds, while those requiring frequently-used adapters
experience 69% degradation (40.4s), and rare adapter requests
suffer 88.5% penalties (45s) (Fig. 3c). The strong correlation
(0.66) between adapter loading latency and total inference
time (Fig. 3d) confirms that adapter management constitutes
a critical system bottleneck, with loading overhead directly
propagating to end-to-end performance.

The fundamental challenge lies in the mismatch between
access patterns and cache capacity. Unlike stable ML con-
figurations, diffusion systems face combinatorial explosion
of base model-adapter pairings with unique memory foot-
prints [54, 63]. Most adapter combinations appear too in-
frequently to establish usage patterns, yet require immedi-
ate availability when requested—overwhelming traditional
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Figure 4: Cold start analysis for various model sizes. The chart illus-
trates the significant latency incurred during the initial loading of
large models, highlighting the need for improved preloading strate-
gies.

caching heuristics like LRU and representing a central scala-
bility challenge in production diffusion serving [10, 27].

3.3 Cold-start Penalty Severity

Cold-start penalties represent the most severe manifestation
of workload imbalance in diffusion serving [3, 13]. Container-
level cold starts impose a 58.6% latency penalty, with hot
instances averaging 12.5 seconds versus 19.9 seconds for cold
initialization (Fig. 4a). The breakdown reveals data move-
ment as the dominant bottleneck: network transfer (6.8s),
model loading (11.3s), initialization (4.6s), and warmup (3.9s)
(Fig. 4b), with I/O operations consuming nearly 70% of cold-
start time [5, 47].

Counterintuitively, instances handling frequent loads ex-
hibit lower average inference latency (Fig. 4c). This inverse
correlation stems from "warm cache effects"—frequently
loaded instances maintain optimized internal states, benefit
from GPU driver kernel caching, and experience preferential
request routing. This pattern demonstrates how diffusion
serving fundamentally differs from traditional ML systems,
where model scale (often exceeding 20GB) transforms initial-
ization from minor overhead into the dominant performance
factor.

4 Resource Utilization Inefficiencies

4.1 Resource Competition

Diffusion model serving exhibits intense multi-level resource
competition that fundamentally impacts system performance
[40, 48]. Fig. 5a reveals critical contention patterns where
GPU memory utilization fluctuates between 15.8GB and
47.6GB across instances. The temporal correlation between
base model and LoRA adapter loading operations creates
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Figure 5: Contention analysis for multi-level cache resource compe-
tition. The chart illustrates the GPU memory usage statistics, high-
lighting the contention points between different model components
and their impact on overall system performance.

resource bottlenecks where multiple memory-intensive op-
erations compete simultaneously [17, 20].

Fig. 5b demonstrates a strong positive correlation (0.86)
between base model and LoRA loading times, indicating that
resource contention degrades all loading operations collec-
tively. This challenges conventional caching strategies that
treat resource types independently—in practice, contention
for shared infrastructure means loading performance de-
grades uniformly during peak periods [27].

Instances handling frequent model loads achieve higher
GPU utilization efficiency (Fig. 5c). Containers with highest
loading frequencies maintain 22.4% average GPU utilization
versus 6.4% for infrequently loaded instances. This pattern
suggests that serverless approaches, which emphasize rapid
allocation, efficient utilization, and quick release, could dra-
matically improve serving efficiency [3, 13]. Keeping GPUs
"warm" with regular workloads leads to more efficient mem-
ory management and reduced initialization overhead.

This finding indicates that traditional persistent deploy-
ment models may be fundamentally misaligned with diffu-
sion workloads. Serverless architectures [7, 8, 24, 50, 69, 72]
that dynamically provision resources based on request pat-
terns could address the central inefficiency—resource con-
tention concentrated in specific temporal dimensions rather
than uniformly distributed [14, 33].

4.2 Scheduling and Cache Coherency

Scheduling and Resource Utilization Conflicts. Request
scheduling and cache coherency create fundamental perfor-
mance challenges in diffusion model serving [17, 48]. Fig. 6a
reveals a counterintuitive positive correlation (0.47) between
GPU utilization and inference latency— higher utilization cor-
relates with worse performance. This contradicts conventional
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Figure 6: Request scheduling and cache consistency analysis. The
chart illustrates the impact of request scheduling on cache consis-
tency, highlighting the challenges of maintaining coherent state
across multiple model components during concurrent requests.

optimization principles where resource utilization typically
signals efficiency [39, 66]. In diffusion serving, increased
GPU utilization indicates resource contention as concurrent
requests compete for limited memory bandwidth.

The multi-dimensional correlation analysis in Fig. 6b il-
luminates this paradox. While GPU utilization consistently
correlates with increased latency, host memory utilization
shows an inverse relationship—higher host memory uti-
lization correlates with improved performance [2]. This di-
chotomy reflects distinct resource roles: GPUs face con-
tention during parallel inference, while abundant host mem-
ory enables efficient component caching. CPU utilization
shows minimal correlation, suggesting bottlenecks primar-
ily exist in memory access patterns rather than preprocessing
computations.

Fig. 6¢c exposes another critical challenge: frequently re-
quested model combinations often experience dispropor-
tionately high latency. This "popularity penalty" emerges
as scheduling algorithms struggle to maintain cache con-
sistency when concurrent requests target identical model
combinations [6]. The system faces an unresolvable ten-
sion between request batching (grouping similar requests
for throughput) and request distribution (spreading load to
prevent contention).

The relationship between memory consumption, GPU uti-
lization, and inference latency (Fig. 6d) establishes memory
management as the central scheduling challenge [27]. As
GPU memory utilization increases, both compute utilization
and latency rise in tandem, confirming that effective diffu-
sion model scheduling requires memory-aware policies that
explicitly address the complex trade-offs between caching,
memory fragmentation, and request concurrency.
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4.3 Resource Allocation Mismatch

Diffusion model serving exhibits a fundamental resource allo-
cation paradox where 98.4% of pods operate below 20% GPU
utilization while users experience high latency. This stems
from the mismatch between uniform resource allocation and
highly skewed workload distributions. Despite extremely low
GPU streaming multiprocessor utilization ( 4%), inference
latency remains high with significant variability.

In diffusion systems, the performance relationship follows:

T o« F (Bmemory» Odata—movement: (ucompute) (1)

where memory bandwidth constraints and data movement
overhead dominate, while compute utilization contributes
minimally. The sparse, memory-bound characteristics cre-
ate scenarios where compute resources remain idle despite
system-level performance bottlenecks (Fig. 7c).

Given a distribution of n diffusion models with request
frequency vector D= {d1,d>, . ..,d,} and uniform resource
allocation vector 7?1 = {% % e %} the total resource allo-
cation inefficiency can be expressed as:

n
1 di’ ()

Amismatch = Z
n

i=1

Our analysis reveals a staggering 74.2% total mismatch,
comprising 37.1% over-allocation to rarely-used models and
37.1% under-allocation to popular models. The Gini coefli-
cient G = 0.876 for model popularity distribution confirms
the extreme inequality driving this mismatch (Fig. 7d). This
creates a pathological system state where resources are si-
multaneously wasted and insufficient.

At a fundamental level, this allocation paradox represents
a variation of the bin-packing problem with dynamic item
sizes—a class of problems known to be N¥-hard. Traditional
resource allocation strategies fail because they assume sta-
ble workloads, whereas diffusion serving presents demand
patterns where both frequency and resource requirements
follow power-law distributions with high variance.

5 Multi-level Caching and Scheduling
5.1 Multi-tier Cache Conflicts

Diffusion model serving systems face fundamental chal-
lenges in managing multi-tier cache hierarchies due to the
enormous scale and diversity of model components [19,
27]. Base models, LoRA adapters, and ControlNet modules
(500MB-10GB) create a massive model space that far exceeds
any single caching tier’s capacity, forcing distribution across
a three-level storage hierarchy: remote repositories, local
disk storage, and host memory, with only actively comput-
ing models reaching GPU memory [5].

This multi-tiered architecture creates resource conflicts
that fundamentally impact performance. Models traversing
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Figure 7: Resource allocation mismatch analysis. The chart illus-
trates the disparity between actual resource demand and uniform
allocation, highlighting the inefficiencies in resource distribution
across models.

the storage hierarchy compete for shared I/O pathways,
bandwidth, and buffer space [3]. The combinatorial complex-
ity of model compositions exacerbates these conflicts—with
hundreds of base models, thousands of LoRA adapters, and
dozens of ControlNet modules, the potential combinations
are effectively unbounded. Even sophisticated caching poli-
cies inevitably experience frequent cache misses due to long-
tail request distributions, triggering expensive cross-tier data
movements that dominate end-to-end latency.

Cache coherency across multiple tiers introduces addi-
tional complexity when components are updated or evicted
[40, 58]. Maintaining consistency across distributed cache hi-
erarchies—where inference nodes share underlying storage
but maintain independent working sets—creates significant
overhead that can negate caching benefits.

5.2 Pipeline Shift Overhead and Cache

Our analysis reveals counterintuitive relationships between
model updates and inference performance. Fig. 8a shows a
surprising negative correlation between model update fre-
quency and pipeline latency—periods with frequent updates
exhibit lower average latency than periods with minimal
updates. This contradiction stems from workload character-
istics: update-intensive periods coincide with higher request
volumes and better cache efficiency, while low-update pe-
riods represent sparse patterns where cold-start penalties
dominate.

Component-level analysis (Fig. 8b) reveals substantial vari-
ation in update costs: base models incur 22.6 seconds la-
tency—nearly 5x greater than LoRA adapters (4.6 seconds)
and 4.5x greater than ControlNet modules (5.1 seconds). This
disparity reflects order-of-magnitude differences in model
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Figure 8: Cache replacement overhead analysis. The chart illustrates
the performance impact of cache replacement strategies, highlight-
ing the significant latency incurred during model loading and un-
loading operations.

sizes and demonstrates why uniform caching policies fail.
The high variance in base model update times (coefficient of
variation 0.986) further complicates cache management, as a
single base model eviction can introduce delays that dwarf
actual inference computation time.

The relationship between update frequency and I/O op-
erations (Fig. 8c) reveals a critical architectural inefficiency:
network I/O scales linearly with update frequency (correla-
tion 0.985), while disk I/O remains relatively stable (correla-
tion 0.178). During high-update periods, disk I/O increases
by only 26% while network I/O surges by 345%, indicating
underutilization of intermediate disk cache tiers and over-
reliance on network transfers.

5.3 Combinatorial Complexity of Pipeline

Diffusion model serving systems face an extreme combina-
torial explosion that fundamentally challenges traditional
resource management. Our analysis reveals 97 base models,
705 LoRA adapters, and 24 ControlNet modules—creating a
theoretical combination space exceeding 1.6 million unique
configurations. Among observed combinations, 89.3% ap-
pear fewer than 5 times in our one-week dataset, creating a
"hyper-sparse request space” where most combinations exist
at the edge of statistical significance.

This pattern defies conventional caching theories built on
request frequency stabilization assumptions. The combina-
tion space is so vast that even with millions of requests, most
combinations remain in a perpetual cold-start regime. The
performance impact manifests through super-linear degrada-
tion: simple base model requests average 23.9 seconds, while
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complex combinations require up to 63.8 seconds—a 167%
increase that contradicts intuitive additive assumptions.
Multiple factors compound this degradation: decreased
cache locality as combination uniqueness increases, seri-
alized component loading due to memory constraints, in-
creased weight fusion computational overhead, and mem-
ory pressure preventing parallel request processing. This
reveals a fundamental limitation where the theoretical state
space (millions of combinations) vastly exceeds both the ob-
served state space (thousands) and the cacheable state space
(dozens to hundreds). This mathematical mismatch requires
fundamentally new approaches that embrace sparsity and
compositional resource modeling as first-order concerns.

6 MLORA Design

Our production analysis reveals fundamental inefficiencies
in diffusion model serving that stem from treating workload
patterns, resource management, and caching as independent
concerns. We present MLORA, a specialized serving system
that addresses these interdependencies through an integrated
architecture. As shown in Fig. 9, MLORA transforms diffusion
serving from an I/O-bound, resource-fragmented system into
a coordinated, high-performance platform through three
core components:

Global Cache Coordination: Maintains a unified view of
model component placement across the cluster, implement-
ing popularity-aware distribution policies and coordinating
prefetching operations through continuous workload analy-
sis [19, 27].

Heterogeneous Instance Manager: Orchestrates spe-
cialized serving instances optimized for different workload
characteristics, implementing fast I/O pathways and het-
erogeneous memory management to minimize cold-start
penalties and data movement overhead during scaling op-
erations [3, 13].

Hierarchical Request Router: Implements cost-aware
scheduling considering both queue state and cache locality,
employing multi-objective optimization to make globally
optimal routing decisions that minimize end-to-end latency
rather than merely balancing computational load [6, 48].

6.1 Global Cache Coupled with Scaling

Diffusion model serving exhibits a fundamental paradox: de-
spite massive computational requirements, systems remain
I/0O-bound with poor resource utilization [10, 54]. The root
cause lies in treating pipeline components as independent
entities—ignoring the intricate dependencies between base
models, LoRA adapters, and ControlNet modules that create
cascading cache misses and resource fragmentation [33, 66].

We introduce a pipeline-aware global cache that funda-
mentally reframes caching as a scaling problem. Rather than
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Figure 9: System architecture of MLORA. The diagram illustrates the
three core components—Global Cache Coordination, Heterogeneous
Instance Manager, and Hierarchical Request Router—and their in-
teractions within the diffusion model serving system.

optimizing individual component placement, our architec-
ture treats entire diffusion pipelines as atomic caching units,
coordinating placement decisions across a three-tier hierar-
chy (remote storage — local SSD — host memory — GPU
memory) with dynamic scaling operations. This coupling
transforms the traditional cache-or-miss paradigm into a
predictive resource orchestration framework that anticipates
pipeline requirements and proactively provisions resources.

6.1.1  Popularity-Aware Cache Distribution. Diffusion model
requests exhibit severe power-law distribution (Gini coef-
ficient 0.876), creating a fundamental mismatch between
uniform caching policies and heterogeneous access patterns.
We implement a tiered caching strategy that differentiates re-
source allocation based on component popularity and pipeline
characteristics:

Hot Models (Top 5%): These components—primarily SDXL
and frequently requested base models—experience intense re-
quest pressure that creates resource contention. We maintain
persistent replicas across multiple instances using consis-
tent hashing (replication factor 3-5) with specialized opti-
mizations including kernel fusion and pre-compiled CUDA
graphs. For extremely popular combinations, we pre-compute
fused weights, reducing adapter merging overhead by 93.7%.
Warm Models (5-30%): These moderately popular compo-
nents exhibit irregular but predictable patterns. We imple-
ment temporal prefetching using multi-armed bandit algo-
rithms to balance exploration and exploitation. Base models
maintain skeleton implementations in host memory with
SSD-cached weights, while LoRA adapters use batched load-
ing to amortize I/O overhead across multiple components.

Lin et al.

Cold Models (Bottom 70%): Rather than dedicating per-
sistent resources to infrequently accessed components, we
implement opportunistic caching using a time-decayed scor-
ing function:

“AMt—t1ast) . Cload (m;)

Mize (ml) (3)

S(mi,t) = ﬁeq(mi) e
where 1 adapts to system load (0.01-0.1 hour™!), ensuring
responsive caching for sudden interest while aggressively
evicting inactive models.

6.1.2  Scaling-Coupled Cache Management. Traditional ML
serving systems treat scaling and caching as independent
concerns, leading to pathological behavior where newly pro-
visioned instances experience cache thrashing that under-
mines scaling effectiveness. Our analysis shows that naively
scaled instances require up to 47s to reach performance par-
ity with established instances due to cache warmup effects.
We address this by explicitly coupling scaling decisions with
cache population strategies.

A key innovation in our design is the integration of caching

decisions with dynamic scaling operations through a unified
optimization framework:
Cache-Aware Scaling Decisions: Scaling decisions incor-
porate current cache state across the cluster, preferentially
scaling services with warm caches for the predicted work-
load. We formulate this as a constrained optimization prob-
lem:

n
min in ‘| @ Lgueue (i) + B - Z Cioad (¢, 1) +y - Ugpu (i)
xi€{0.1} i=1 CERpred

©
subject to ), x; = k, where x; indicates whether instance
i should be scaled, Lgucue is the queue length, Cjoqq is the
component loading cost if not already cached, Uy, is cur-
rent GPU utilization, and R.q is the predicted request mix.
Coefficients @, f, and y dynamically adjust based on sys-
tem conditions, with typical values of « = 0.2, f = 0.5, and
y =0.3.
Pipeline-Aware Cache Prefetching: When scaling deci-
sions result in new base model instances being provisioned,
our system automatically triggers prefetching of frequently
co-requested LoRA adapters to both GPU and host memory
of the newly allocated instances. This proactive approach is
driven by a co-occurrence matrix M., (b;, [;) that tracks the
frequency with which base model b; and LoRA adapter [;
appear together in historical requests. For each newly scaled
base model instance b;, we prefetch the top-k LoRA adapters
ranked by co-occurrence score:

Lprefetch(bi) = TOPK{lleco(bia lj) >0- mlaXMCO(bis l)}
®)
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where 0 is an adaptive threshold (typically 0.15-0.3) that ad-
justs based on available memory resources. This prefetching
strategy reduces the effective cold-start penalty for common
request patterns by up to 78.3% compared to on-demand load-
ing, as popular LoRA combinations are immediately available
when the corresponding base model begins serving requests.

This integrated approach ensures that scaling operations
do not trigger cascading cache misses. Our evaluation shows
this coupling reduces the effective scaling latency (time until
new instances achieve comparable performance to estab-
lished ones) by 62.4% compared to independent scaling and
caching approaches.

Our global cache coupled with scaling strategy specifically
addresses the unique structure of diffusion model pipelines
by recognizing component interdependencies, differentiat-
ing caching strategies based on component characteristics,
and coordinating resource allocation across the entire serv-
ing stack. This holistic approach transforms what would
traditionally be considered "cache-hostile" access patterns
into predictable, manageable workloads with significantly
improved resource efficiency.

6.2 Heterogeneous Fast Instances

Traditional instance scaling in diffusion model serving incurs
40-60 second delays due to memory fragmentation, I/O bot-
tlenecks, and excessive system call overhead. We introduce
a heterogeneous fast instance architecture that fundamen-
tally redesigns the scaling pathway through two key inno-
vations [3, 13]: direct I/O optimization eliminating kernel
buffering during model loading, and heterogeneous pinned
memory templates bypassing allocation bottlenecks [2, 20].

6.2.1 Fast I/0 Instance. Our workload analysis identified
data movement as the critical bottleneck in diffusion model
serving, with over 70% of cold-start latency attributable to
I/O operations [5, 47]. The traditional data path suffers from
multiple inefficiencies: small read sizes creating excessive
system call overhead, sequential component loading creating
pipeline stalls, and unoptimized memory transfer patterns
between system layers. To address these issues, we imple-
mented several technical optimizations:

We replaced the standard buffered I/O pattern (typical
128KB read operations) with direct I/O using larger 2MB
transfer blocks. This approach bypasses kernel buffering
overhead and aligns transfers with typical storage hardware
prefetch sizes. The theoretical improvement can be modeled
as:

S S
Tread = Tseek + B_ X Tsyscall + R— (6)
size throughput
where T,...q represents the total read time, T.e is disk seek
latency, S is the model size in bytes, Bgiz is the I/O block
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size, Tyyscaul is the per-call system overhead, and Renroughpur
is the raw storage throughput. By increasing block size from
the conventional 128KB to 2MB, we reduced ﬁ by a factor
of 16, substantially decreasing system call overhead while
better aligning with modern SSD prefetch patterns and PCle
transfer efficiency.

6.2.2 Heterogeneous Instance Template. A critical bottleneck
in diffusion model serving is the inefficient tensor trans-
fer pathway between host memory and GPU. Our perfor-
mance profiling revealed that the default Linux pageable
memory implementation creates a double-copy overhead:
tensors must first transfer from host memory to a temporary
pinned buffer, then from this buffer to GPU memory. This
two-stage process doubled transfer latency in our measure-
ments—with a 20GB SDXL model requiring 8.7 seconds for
data movement alone during cold starts.

The technical challenge extends beyond simply replac-
ing pageable with pinned memory. Naively applying pinned
memory creates three significant issues: (1) excessive host
memory fragmentation due to non-contiguous allocation
patterns, (2) system instability risks as pinned memory can-
not be swapped, potentially causing out-of-memory condi-
tions, and (3) increased allocation latency due to the complex
physical memory operations required for pinning. These lim-
itations are particularly severe in diffusion model serving
where memory allocation patterns vary drastically across
models (1-20GB base models) and request types (single vs.
multi-image generation).

MLoRA implements a specialized heterogeneous pinned
memory architecture with dynamic tier optimization:

Maiioc = {(si, fi)Isi is size, f; is frequency} ™)

First, we continuously profile memory allocation patterns,
collecting size-frequency distributions Mg, across all in-
ference requests. Using weighted K-means clustering with
allocation size as the feature and frequency as the weight,
we identify optimal memory size tiers:

Meiusters = WeightedKMeans(Mjioe, k = 5, w; = fi)  (8)

For each identified cluster centroid, we pre-allocate dedi-
cated pinned memory pools with sizes strategically aligned
to optimize both CUDA transfers and system memory man-
agement.

Size-based tier routing that maps allocation requests to
the appropriate pre-pinned pool, minimizing wasted memory
while ensuring efficient transfers:

Apesr = arg min

size(P;) —s 9
PieP,size(Pi)25req ( l) req ()

This approach routes each tensor allocation request of
size syeq to the smallest suitable pre-pinned memory pool,
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reducing internal fragmentation while maintaining the per-
formance benefits of pinned memory transfers.

6.3 Hierarchical Prefetching

6.3.1 Pipeline Combination Management. Our analysis of
production workloads revealed that while the theoretical
pipeline combination space exceeds 1.6 million configura-
tions, actual usage follows a predictable pattern where cer-
tain combinations occur with high frequency. We leverage
this insight to implement a hierarchical approach to pipeline
combinations:

Static High-Frequency Combinations: For the top 50 base
model + LoRA combinations (accounting for 73.2% of re-
quests), we maintain persistent pairings with pre-computed
fusion weights. This approach treats frequent combinations
as atomic units rather than separate components, effectively
materializing the computational graph ahead of request time.
By precomputing weight fusion operations, we eliminate run-
time tensor manipulations and matrix additions, reducing
adapter loading and fusion overhead by 91.7%. This strategy
recognizes that in highly skewed distributions, treating the
head of the distribution as special cases yields disproportion-
ate performance benefits at modest storage costs.
Dynamic Low-Frequency Combinations: For the remain-
ing 26.8% of requests spanning thousands of unique configu-
rations, we employ adaptive on-demand fusion with intelli-
gent component indexing across the memory hierarchy. Our
asymmetric loading strategy prioritizes base model availabil-
ity—recognizing that base models define the dimensional con-
straints for adapter operations—while concurrently prefetch-
ing adapters along optimized I/O paths. We further exploit
temporal locality through semantic cohesion caching, ex-
tending cache lifetimes for related components based on the
empirical observation that users iteratively explore creative
variants within short time windows.

Controlled Eviction: Traditional cache eviction policies
such as LRU and LFU operate under the implicit assumption
of component homogeneity, treating all cached objects as
equivalent units differing only in access frequency or recency.
However, in diffusion model serving, components exhibit
fundamentally heterogeneous characteristics across multi-
ple dimensions: loading costs vary by orders of magnitude
(base models require 20-40s while small adapters load in
<1s), memory footprints span from megabytes to gigabytes,
and reuse patterns follow complex temporal and semantic
correlations rather than simple recency patterns.

To address this heterogeneity, we develop a multi-dimensional

utility-based eviction strategy that explicitly models the eco-
nomic cost of each eviction decision. Our approach formu-
lates eviction as an optimization problem where we seek to
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maximize the expected future utility of the cache configura-
tion. The eviction score for ¢; is computed as:

Preuse(¢i) X Tjoaa(ci) X atype(ci)
Msize(ci) X (1 + ﬁ . age(ci))

Escore(ci) = (10)

where Preyse(c;) represents the probability of near-term reuse
estimated through a combination of temporal access pat-
terns and semantic similarity clustering, Tj,qq4(c;) captures
the complete loading latency including network transfer, de-
compression, and GPU initialization costs, M;;ze(c;) reflects
the memory consumption, a;yp.(c;) is a component-type
weighting factor that accounts for the differential impact of
evicting base models versus adapters, and f - age(c;) intro-
duces a temporal decay factor to prevent indefinite cache
pollution.

This formulation embodies a fundamental insight: the
value of retaining a component in cache is proportional to
both the cost of reconstruction and the likelihood of future
access, while being inversely related to the opportunity cost
of the memory it occupies. Components with high reload
costs and strong reuse signals should be preserved even
under memory pressure, while large, infrequently accessed
components become prime eviction candidates regardless of
their individual loading costs.

7 Evaluation

7.1 Experimental Setup

We evaluated the effectiveness of MLORA on a production
cluster consisting of 300 GPUs. To ensure fair comparison,
we employed an A/B testing methodology, dividing the clus-
ter into two equivalent partitions [41]. Both environments
processed the same production workload distribution, with
requests randomly assigned to either group. The infrastruc-
ture was deployed on Kubernetes, operating in a serverless
configuration to maximize operational flexibility [3, 67].
Baseline. Our baseline represents a production-grade ML
serving infrastructure optimized over six months of continu-
ous refinement [18, 70]. The system integrates state-of-the-
art components: SGLang for high-performance inference,
HuggingFace PEFT for LoRA integration, and DLoRA’s on-
line fusion strategy [23, 63]. The caching layer employs opti-
mized LRU policies with multi-tier eviction strategies, while
request routing uses enhanced round-robin load balancing
with health-checking optimizations [19, 27]. This baseline al-
ready incorporates extensive performance enhancements
from both academic research and industry practice, rep-
resenting current state-of-the-art in diffusion model serv-
ing [6, 10]. Using this highly-optimized baseline ensures
our evaluation reflects genuine architectural improvements
rather than incremental optimizations.
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Figure 11: Model loading acceleration results across different com-
ponent types. MLORA shows significant latency reductions: 68.2%
for base models (22.6s — 7.2s), 73.1% for LoRA adapters (4.6s — 1.2s),
and 61.8% for ControlNet modules (5.1s — 1.9s).

7.2 End-to-End Performance Improvements

MLORA achieves a 49.8% reduction in average end-to-end
latency and 12.8% improvement in p99 tail latency (Fig. 10).
These improvements stem from three synergistic optimiza-
tions targeting diffusion model serving bottlenecks.

Intelligent cache placement eliminates cold-start penalties
through predictive component positioning across memory
tiers. Heterogeneous memory optimization minimizes data
movement by exploiting the full storage hierarchy during
loading and inference. Cost-aware scheduling aligns requests
with optimal server configurations based on computational
capacity and component locality.

These mechanisms exhibit multiplicative effects: improved
resource efficiency increases throughput, creating additional
consolidation opportunities. This holistic approach proves
critical for memory-intensive diffusion workloads where
skewed access patterns and component heterogeneity defeat
traditional optimization strategies.

7.3 Model Loading Acceleration

MLORA achieves dramatic model loading acceleration across
all component types (Fig. 11): 68.2% reduction for base mod-
els (22.6s — 7.2s), 73.1% for LoRA adapters (4.6s — 1.2s),
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Figure 12: Network and I/0 performance analysis comparing MLORA
with baseline. MLORA achieves 89.5% reduction in network band-
width and 60.2% reduction in disk I/O usage while significantly im-
proving model update latency.

and 61.8% for ControlNet modules (5.1s — 1.9s). Complete
pipeline updates—the end-to-end operation users experi-
ence—improve by 69.5% (14.4s — 4.4s).

This acceleration results from three synergistic optimiza-
tions: direct I/O with optimized block sizes bypassing kernel
buffering, heterogeneous pinned memory management elim-
inating data path copies, and component-aware prefetching
enabling parallel loading of interdependent elements. To-
gether, these techniques address the fundamental I/O bottle-
neck where over 70% of cold-start latency originated from
loading operations.

7.4 Network and I/0 Performance

MLoRA fundamentally transforms diffusion model serving
by addressing the core I/O bottleneck through hierarchical
memory orchestration (Fig. 12a). By maintaining hot com-
ponents in optimal memory tiers and intelligently evicting
cold ones, we achieve 89.5% network bandwidth reduction
and 60.2% disk I/O reduction—converting expensive remote
transfers into efficient local memory operations.

The performance impact extends beyond raw bandwidth
metrics to fundamental operational improvements. Model up-
date latency decreases by 89.1% (from 38.9s to 4.2s) (Fig. 12b),
queue size shrinks by 82.9% (Fig. 12c), and average response
time improves by 51.4% (Fig. 12d). These gains demonstrate
how addressing the underlying data movement inefficien-
cies creates cascading benefits throughout the entire serving
stack. By optimizing the critical path from distributed stor-
age to GPU memory, we transform what was previously an
I/0-bound system into a more balanced architecture capable
of efficiently utilizing computational resources. The reduced
queue sizes further indicate that our approach successfully
addresses the resource contention issues identified in our
workload analysis, where popular model combinations cre-
ated bottlenecks despite available system-wide capacity.
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Figure 13: Container-level load distribution analysis. (a) Resource
utilization comparison between baseline and MLoRA, showing sig-
nificant improvements in GPU utilization while reducing memory
overhead. (b) Performance-resource correlation analysis demonstrat-
ing how MLoRA transforms diffusion serving from an I/O-bound to
a balanced system.

7.5 Container Load Distribution

Our container-level analysis reveals significant resource uti-
lization improvements across the cluster. MLORA achieves
a 107.4% increase in per-container QPS while maintaining
more balanced workload distribution. GPU duty cycle more
than doubles from 6.0% to 14.1%, while GPU streaming mul-
tiprocessor utilization increases from 4.8% to 9.8% (Fig. 13a).
This indicates more efficient computational resource usage
despite the memory-bound nature of diffusion operations.
Concurrently, host memory utilization decreases dramati-
cally from 66.5% to 6.7%, demonstrating how our hetero-
geneous instance design with specialized memory manage-
ment eliminates redundant buffer allocations that plagued
the baseline system.

The performance-resource relationship analysis (Fig. 13b)
highlights how MLoRA fundamentally alters system behav-
ior—containers achieve both higher throughput and greater
resource efficiency, creating a positive correlation between
utilization and performance that contrasts with the negative
correlation observed in conventional architectures. This effi-
ciency stems from three key optimizations: the global cache
coordination that reduces redundant model loading across
instances, the heterogeneous fast I/O paths that accelerate
data movement operations, and the cost-aware scheduling
that ensures optimal request placement. Collectively, these
improvements transform diffusion model serving from an
I/0O-bound workload where resources remain underutilized
despite high user-perceived latency into a balanced system
that efficiently utilizes available resources while delivering
superior performance.

8 Related Work

ML Serving Systems. Traditional machine learning serving
systems [19, 31, 35, 43, 46, 57, 65, 68, 70, 76] like Alpaserve
[35] and vLLM [31] optimize inference for stable model con-
figurations with predictable access patterns. These systems
address model batching and resource allocation but assume
workloads fundamentally different from diffusion models’
combinatorial component spaces and extreme skewness.
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LoRA and Adapter Serving. The emergence of LoRA adapters
has motivated specialized serving systems [9, 54, 63] like
Punica [9], and dLoRA [63]. These systems focus primar-
ily on efficient GPU kernel design for adapter fusion and
memory management during inference, but do not address
the broader system-level challenges of cache hierarchy man-
agement, request skewness, and multi-component pipeline
coordination that emerge in production diffusion serving
environments.

GPU Cluster Management. GPU cluster scheduling sys-
tems [17, 25, 26, 34, 48, 55, 56, 61, 62] like Llumnix [61],
Pollux [48], and AntMan [66] optimize resource allocation
for training workloads with different performance character-
istics than inference serving. While these systems address
GPU memory management and scheduling efficiency, they
target batch training jobs rather than the latency-sensitive,
memory-bound characteristics of diffusion model serving
with its complex multi-tier caching requirements.
Distributed Caching Systems. Prior work on distributed
caching [19, 22, 27, 32, 53, 74] addresses general-purpose
workloads with relatively uniform object sizes and access pat-
terns. While systems like NetCache [27] optimize network-
level caching and Cocktail [19] addresses multi-dimensional
optimization, they do not address the combinatorial complex-
ity and extreme size heterogeneity characteristic of diffusion
model components.
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10 Conclusion

This paper presents a comprehensive analysis of diffusion
model serving in production environments, revealing unique
challenges that arise from their distinctive workload char-
acteristics and resource requirements. Our analysis of over
3.5 million production requests demonstrates how extreme
skewness in model popularity, combinatorial pipeline con-
figurations, and high data movement costs create funda-
mental inefficiencies in conventional serving architectures.
We developed MLORA, a specialized serving system that
implements global cache coordination, heterogeneous fast
instances with optimized I/O, and hierarchical prefetching
with cost-aware routing.
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