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Abstract—In this paper, we present ROCK, a novel system for
efficiently serving thousands of LoRA adapters for multimodal
models in cloud environments. Through extensive analysis of
production workloads, we identify key challenges in current
cloud-based image generation services: extreme request burstiness
(up to 90x normal rates), heterogeneous task characteristics,
and inefficient adapter management that wastes 40% of GPU
memory and increases delays by 3x during peak times. ROCK
addresses these challenges through a three-layer architecture that
decouples hardware, adapters, and requests. Qur system features
dynamic heterogeneous queues that match tasks to appropriate
resources based on multidimensional feature vectors, and a
multilevel orchestration framework that intelligently manages
adapter placement across heterogeneous storage. Experiments
on a 64-GPU testbed demonstrate that ROCK reduces average
response latency by 16-26%, and achieves an 84.1% cache hit
rate for LoORA adapters—outperforming traditional approaches
while reducing adapter update frequency by up to 77%.

1. Introduction

In recent years, Low-Rank Adaptation [1] (LoRA, Fig. 1)
has become a key technology for cloud providers offering
customized image generation services [2-5]. LoRA enables
efficient fine-tuning of large pre-trained models by main-
taining a single base model with lightweight adapters, sup-
porting thousands of personalized variants while reducing
costs [1, 6-12]. However, cloud deployment faces significant
challenges: managing numerous adapters across heterogeneous
hardware [13, 14], balancing resources, and handling bursty
workloads. The volatility of image generation requests—with
traffic fluctuations reaching 10x between peak and off-peak
periods—combined with diverse adapter requirements creates
an orchestration problem that traditional scheduling strategies
cannot effectively address [4, 15-17].
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Figure 1: The architecture of LoRA adapter and the workflow of image
generation. This approach allows thousands of custom style variants to share
a single base model.

LoRA has become essential for customized image gener-
ation services in cloud environments [10, 11, 18]. However,
our analysis of production data reveals critical challenges in
managing thousands of adapters at scale. Through extensive
examination of real-world workloads, we observed a pro-
nounced long-tail distribution in adapter usage patterns—a
small subset of adapters receives frequent requests while the
majority remain largely inactive. This uneven access pattern
creates significant resource management difficulties that current
systems [4, 19, 20] are failing to handle. Our production data
analysis uncovered several key insights: (1) adapter popularity
follows a power-law distribution where the top 5% of adapters
account for over 60% of all requests; (2) individual adapter
popularity can shift dramatically within hours, making static
allocation strategies ineffective; and (3) adapter switching
operations consume disproportionate resources during peak
traffic periods. Traditional approaches [21] that rely on uniform
resource allocation or simple least recently used (LRU) caching
do not accommodate these complex patterns, resulting in
severe performance degradation. Our measurements show these
approaches waste over 40% of GPU memory and increase
request delays by 3x during peak times (Fig. 12).

Further investigation revealed that existing LoRA de-
ployment strategies [22—24] fundamentally misalign with ob-



served cloud workload characteristics. Static adapter parti-
tioning [9, 10, 12] creates resource imbalances during traffic
shifts, while standard caching algorithms frequently evict
specialized adapters despite persistent availability requirements.
Our telemetry data shows adapter reloading operations consume
up to 28% of processing time during peak periods. Addition-
ally, traditional auto-scaling mechanisms [25, 26] operate at
incompatible timescales (minutes vs. seconds), resulting in
40% GPU memory wastage and 3.87x tail latency increases
during high-traffic periods (§2.1).

Challenges. Based on our analysis (§2) of production work-
loads, we propose a three-layer architecture that decouples
hardware, adapters, and requests. This strategic separation
eliminates rigid dependencies in traditional systems, enabling
more efficient resource utilization, improved adapter caching,
and reduced request latency. However, implementing this archi-
tecture introduces two critical challenges: 1) How
to accurately monitor and predict rapidly changing workload
patterns across multiple dimensions (iteration steps, adapter
sizes, task types) at millisecond granularity to prevent resource
misallocation; 2) How to orchestrate adapter placement across
heterogeneous storage tiers while maintaining consistency,
minimizing data movement overhead, and resolving memory
fragmentation during frequent adapter switching operations.
Our Proposal. We present Rock, a novel system that ad-
dresses these challenges through heterogeneous-aware resource
orchestration. Our three-layer architecture decouples hardware
resources, adapter storage, and request processing, enabling
fine-grained resource allocation and optimized adapter place-
ment. Rock features dynamic feature modeling that captures
both resource capabilities and request characteristics, com-
bined with intelligent prefetching mechanisms that minimize
switching overhead during traffic peaks.

First, we design a heterogeneous queue system that effi-
ciently handles the dynamic nature of LoRA requests. By rep-
resenting tasks with multidimensional feature vectors (iteration
steps, adapter dimensions, task type), we create specialized
queues that match workloads to appropriate hardware. Our
bipartite graph matching algorithm optimizes task distribution
by considering adapter cache locality, resource utilization, and
queue depth, improving throughput during traffic spikes.

Second, we implement a multilevel orchestration framework
that decouples hardware resources from adapter management.
By analyzing request patterns and storage characteristics, our
system places frequently-used adapters on high-bandwidth
devices while proactively preloading related adapters based on
usage patterns. This approach eliminates memory fragmentation
and adapter conflicts, enabling seamless adaptation across
heterogeneous environments without the performance penalties
of traditional architectures.
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Figure 2: Workload of Image generation with LoRa adapter in cloud services.
Image generation typically involves three types of workloads, with text-to-image
workloads usually being the most demanding. All types of workloads exhibit
significant burstiness, with peak request rates during hot periods reaching up
to 90x the normal rate, and they also show certain periodicity.
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We evaluated Rock on a testbed of 64 heterogeneous
GPUs across four GPU models and conducted comprehensive
experiments under production-like conditions. The results
demonstrate that Rock significantly outperforms traditional
approaches: reducing average response latency by 16-26%
across different scheduling strategies. For image generation
tasks, Rock decreases average inference latency by 14-20%
while maintaining more stable memory utilization across
different scenarios. Most notably, Rock achieves an 84.1%
cache hit rate for LoRA adapters—significantly higher than
conventional approaches—while reducing adapter update fre-
quency by up to 77%. Under high load conditions, Rock
maintains shorter queue lengths and stable queuing times,
demonstrating its effectiveness in handling traffic spikes through
intelligent resource allocation and workload distribution across
heterogeneous hardware.

Contributions. The main contributions of this paper are:

« First characterization of the key workload features in image
generation within cloud data centers, identifying the primary
challenges in current cloud-based image generation.

« Proposal of a heterogeneous queue-based LoRA adapter
orchestration and request scheduling framework to improve
system performance.

« Evaluation of Rock on a testbed of 64 heterogeneous GPUs,
demonstrating significant performance improvements.

2. Understanding Cloud Workload Characteristics for
LoRA-Based Image Generation

LoRA [1] has become a key technique for efficient model
fine-tuning in cloud environments. By adding small trainable
adapter matrices to pre-trained models, LoRA significantly
reduces customization resources without duplicating entire
models, making it ideal for dynamic deployment across data
centers.

As LoRA adapters scale up for image generation tasks,
several challenges have emerged. Our analysis reveals conflicts
between adapter storage and resource allocation across hetero-
geneous computing resources. The main issues are: i) Models
like Stable Diffusion [27] create pulsed memory usage patterns
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TABLE 1: Performance Metrics for Different Tasks

Task Category Mean P50 P75 P90 P99
IMG_2_IMG 31.8 240 370 600 109.1
INPAINTING 26.5 220 300 475 83.4
TXT_2_IMG 284 230 330 520 105.0

Note: The table shows the average execution time and quantile statistics of
different task types. The P99 latency of all task types exceeds the average by

Invoke Time

Figure 3: The response latency and final status of image generation. A value
of 1.0 indicates a final failure, and the task is cleared. This is directly related
to the request load, due to the critical path generation. Peak generation time
shows that the burstiness of requests leads to generation delays exceeding 19x
the average.

during generation; ii) Growing numbers of adapters cause
unexpected performance interactions and resource competition
during loading, resulting in service quality fluctuations.

Our large-scale cluster analysis provides insights into the
scalability and orchestration challenges that generative Al
platforms face in cloud environments, helping identify practical
solutions for improved resource management.

We collected 4 weeks of data from a thousand-node
cluster with LoRA Adapters, analyzing workload characteristics,
performance metrics, and generation speed factors across
three main task types: image-to-image (IMG_2_IMG), painting
(INPAINTING), and text-to-image (TXT_2_IMG).

2.1 Workload Characteristics

Our analysis of online workloads reveals significant patterns
that impact system performance. By examining real-world
generative Al tasks, we identified consistent heterogeneity
across request patterns and resource demands.

Request traffic exhibits extreme burstiness (Fig. 2), with
text-to-image generation tasks showing peak rates up to 90x
normal levels. This volatile pattern creates major challenges
for resource scheduling. While traditional elastic management
works well for steady loads, it struggles with sudden traffic
spikes. The large parameter sizes of generative models and
their context dependencies prevent rapid scaling within QoS
time constraints, creating critical mismatches between available
resources and immediate demand.

Fig. 3 reveals a nonlinear relationship between load and
response time. During steady loads, the system maintains stable
latency around 28 seconds. However, when load exceeds critical
thresholds, latency grows exponentially—reaching peaks of
560 seconds (19% baseline). This severe degradation triggers
both user-initiated cancellations and system timeouts, resulting
in 22.7% of requests failing to complete.

Further analysis of the quantile statistics in Table 1 reveals
a significant tail latency amplification effect in the system. The
P99 latency of all task types exceeds the average by more
than 3.2 times, with the tail latency factor of text generation
tasks reaching 3.87. This statistical distribution characteristic

more than 3.2 times, with the tail latency factor of text generation tasks
reaching 3.87. This indicates a significant tail latency amplification effect.
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Figure 4: The execution latency of all types of tasks is affected by the length of

the prompt. Generally, the longer the prompt, the longer the execution latency,
as the LLM needs more time to process additional information. However, this
relationship is not linear. Within the range of 50-100 tokens, the execution
latency is actually lower.

is strongly related to the burstiness of system loads—when
burst requests deplete the reserved resource pool, subsequent
requests are forced into a queuing state, and the long-tail
execution time of large model tasks exacerbates the congestion
effect of the queuing system. Our experiments confirm that
this phenomenon conforms to the mathematical characteristics
of the M/G/1 queuing model, where the variance of waiting
time is positively correlated with the variance of service time.

I Insight 1

Online generative requests exhibit significant periodicity
and burstiness. The response latency distribution of
generative tasks shows a clear long-tail characteristic,
with a significant tail latency amplification effect,
severely impacted by burst loads.

2.2 The Impact of Prompts

In image synthesis, prompts function as core control mech-
anisms that map semantic content to visual representations.
Prompts essentially create a constraint system through lan-
guage, defining morphological features, stylistic elements (e.g.,
"Van Gogh style"), and spatial relationships (e.g., "standing
on the left"). Research demonstrates a positive correlation
between prompt semantic density and generated image quality,
highlighting prompt engineering’s importance in generative Al
systems.

Tokens of Prompt. The length of prompts significantly
affects generation speed. We observed that as the length of
prompts increases, the average inference latency also increases
noticeably. Generally, longer prompts provide more detailed
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Figure 5: The relationship between iterations and generation time across task
types. While more iterations generally increase generation time, this pattern
varies by task. For Image-2-Image and INPAINTING, generation time remains
relatively consistent regardless of iteration count. However, TXT-2-IMG tasks
show a sharp increase beyond 50 iterations, reaching up to 1.98X latency.
information, which can help the model generate more accurate
and complex images. However, this also increases processing
time, as the model needs to parse and understand the additional
information. The complexity of the self-attention mechanism
in Transformer models [28] is related to the number of tokens,
so longer prompts may lead to a significant increase in
encoding time, requiring re-embedding calculations for the
prompt in each iteration. Additionally, another potential factor
is that longer prompts may occupy more memory (especially
with large batch sizes), indirectly affecting parallel computing
efficiency.

However, this relationship is not linear. Within the range
of 50-100 tokens (Fig. 4), the execution latency is actually
lower. This may be because, within this range, prompts provide
sufficient information, allowing the model to converge to
the final result more quickly. Moreover, since the default
configuration of the stable diffusion model [27] is 77 tokens,
prompts within this range can complete processing all prompts
within the time of one iteration.

I Insight 2

The length of prompts affects the generation speed of
the model, but this impact is not linear. Under the
default prompt length configuration of the model, we
found that the generation speed is actually faster.

2.3 Heterogeneous of Tasks

Cloud-based generative tasks exhibit significant execution
variability due to two primary factors: variable iteration counts
and multiple LoRA adapter configurations. These factors create
substantial resource utilization fluctuations across different task
categories. Our analysis examines how iteration requirements
affect computation duration and how adapter counts impact re-
source consumption. Understanding these relationships enables
more efficient resource allocation strategies and optimization
of computational pathways for generative Al workloads in
distributed environments.

Iteration of generation. Fig. 5 shows the relationship between

iteration and generation time across different task types. While
one might expect a linear correlation, our data reveals a more
complex pattern. For Image-2-Image and INPAINTING tasks,
generation time remains relatively consistent regardless of
iteration. However, TXT-2-IMG tasks show a sharp increase
in processing time beyond 50 iterations, reaching up to 1.98x
the average.

This phenomenon likely stems from fundamental differences
in how the model processes inputs. Text-to-image genera-
tion requires continuous reinterpretation of textual prompts
during each iteration, accumulating more complex context
representations over time. As iterations increase, the model
expends additional computational resources resolving semantic
ambiguities. In contrast, image-based tasks benefit from clear
visual priors that provide more direct optimization targets,
maintaining consistent performance regardless of iteration.
The varying impact of iterations on generation time reflects
fundamental differences in how resources are consumed across
task types. For Text-to-Image tasks, generation time increases
dramatically beyond 50 iterations (reaching 1.98x the average),
while Image-based tasks maintain consistent performance
regardless of iteration.

Number of LoRA Adapters. The number of LoRA adapters
significantly impacts generation latency across different task
types (Fig. 6). This impact stems primarily from two factors:
first, adapters selected for different tasks vary in parameter
size and complexity, requiring separate computations before
combining with the base model; second, adapter architectural
differences affect computation parallelization and GPU utiliza-
tion efficiency.

Our analysis reveals three key mechanisms behind this
heterogeneity: (1) memory bandwidth demands increase with
high-rank adapters; (2) adapter architectures directly influence
matrix multiplication patterns and memory access locality, with
different attention module modifications showing up to 23%
variation in computational efficiency; and (3) multiple adapters
create resource competition through GPU scheduling conflicts
and shared cache interference. When combined parameter sizes
exceed available GPU memory capacity, host-device swapping
introduces substantial overhead, with transfer latencies increas-
ing by 2.8x compared to single-adapter configurations.

Traditional scheduling approaches fail to address these
adapter-specific characteristics because they ignore the unique
computation patterns and resource requirements of LoRA
workloads. Fine-grained issues in tensor core utilization and
cache performance create cascading overheads that significantly
degrade overall system performance. Effective multi-adapter
systems therefore require specialized resource allocation strate-
gies tailored to these distinctive workload patterns.
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Figure 6: The impact of the number of additional LoRA adapters on generation
time. Overall, the more LoRA adapters added, the longer the generation time.
However, this impact varies across different types of tasks. The direct reason
is that different types of tasks utilize different LoRA adapters, which vary in
scale and complexity.

I Insight 3

Generative tasks show significant execution time
variability due to iterations and LoRA Adapter
configurations. This variability differs markedly across
task types, indicating that these requests should be
treated as heterogeneous in orchestration systems.

3. System Overview

Recognizing the heterogeneous nature of image generation
tasks with varying prompts, iterations, and LoRA adapter
configurations, we propose Rock (Fig. 7), a queue-based
orchestration framework for efficient request handling. Our
design focuses on two key objectives: 1) Controlling request
latency through uniform workload distribution and strategic
resource allocation, reducing both queuing time and adapter
loading overhead; 2) Maximizing LoRA adapter cache hit rates
to minimize loading operations and bandwidth consumption. By
treating each task as a multidimensional feature vector rather
than a generic workload unit, Rock enables more intelligent
resource allocation across distributed GPU clusters.
Dynamic Heterogeneous Queue. We design a task queuing
system that classifies requests by key features: iteration count,
adapter complexity, task type, and prompt characteristics. Our
system creates specialized task groupings that reflect the
inherent heterogeneity of generative workloads and connects
these queues to GPU clusters through an adaptive weighted
bipartite graph. We use a Top-K matching algorithm [29]
that balances three objectives: maximizing adapter cache hits,
optimizing GPU utilization, and minimizing request latency.
By dynamically recalculating edge weights as workloads shift,
the system maintains efficient resource allocation during traffic
spikes. This approach creates fine-grained task-to-resource
mappings that account for the interdependencies between task
requirements and hardware capabilities.

LoRA and Model Orchestration. We design a three-layer
system for efficient adapter management: (1) a physical layer
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Figure 7: ROCK system architecture with dynamic heterogeneous queues
for task classification and a three-layer design for efficient LoRA adapter
management across distributed resources.

grouping GPUs by hardware capabilities; (2) a logical layer
managing adapters based on usage patterns; and (3) a GPU
cache layer handling adapter parameters with demand-based
replicas. Our approach places adapters considering both access
patterns and hardware characteristics, examining bandwidth,
memory usage. This organization resolves the mismatch be-
tween base models and adapters, enabling efficient resource
management under fluctuating workloads.

4. Rock Design

4.1 Dynamic Heterogeneous Queue

Traditional scheduling approaches struggle with LoRA requests
that vary in iterations, adapter sizes, and task types. Our
dynamic heterogeneous queue system maps tasks to appropriate
resources using feature vectors, creating an optimal match
between diverse tasks and available hardware through graph
matching for efficient resource utilization (Fig. 8).

Challenges. Cloud platforms face three key issues when
processing LoRA requests: 1) Task types vary in resource
sensitivity (interactive tasks need low latency while rendering
tasks require high throughput); 2) Adapter loading patterns lead
to poor caching efficiency; 3) Unbalanced use of heterogeneous
hardware causes tail latency. Simple round-robin or static queue
approaches fail to recognize the dynamic relationship between
task characteristics and hardware status, wasting 23% of GPU
resources based on our monitoring data. A joint representation



model of task features and hardware states is needed for
effective fine-grained scheduling.

Multidimensional Feature Modeling. Each task 7; is en-
coded as a feature vector v; = (s, l;, 74, d;), where s; € N* rep-
resents the number of iteration steps reflecting computational
intensity; /; € R* denotes the adapter scale (MB), calculated
as l; = Zf:] rank(Ay) - dim(Ay) with Ay being the parameter
matrix of the k-th LoRA adapter; 7; € {1,2,3} indicates
the task type (1=real-time interactive, 2=near-line generation,
3=offline batch processing); and d; € [0, 1] measures latency
sensitivity, calculated by the SLO function d; = 1 — e~ Atmax
where fnax 1S the maximum tolerable delay. Using Gaussian
Mixture Models, we cluster historical tasks into M typical
workload patterns C = {C1,...,Cy}. Each queue Q; corre-
sponds to a cluster centroid u; = E[v;|T; € C;], with dynamic
queue creation and merging occurring as workload patterns
evolve. This approach allows the system to construct a weighted
bipartite graph 8 = (Q, G, &) between task queue nodes Q and
GPU nodes G, where edge weights w ;. are computed based
on a multi-objective optimization function combining cache
affinity, resource utilization, and expected execution latency.
Through this representation, we can efficiently capture the
heterogeneous characteristics of LoRA tasks and establish a
foundation for optimal resource allocation.

Using Gaussian Mixture Models (GMM) [30, 31], we
cluster historical tasks into M typical workload patterns
C = {Ci,...,Cym}. Each queue Q; corresponds to a cluster
centroid y; = E[v;|T; € C;], with dynamic queue creation and
merging occurring as workload patterns evolve. The system
continuously monitors task feature distributions at runtime,
triggering re-clustering when significant shifts are detected
(KL divergence Dk (Pcurrent||Preference) > 6). This adaptive
mechanism enables the system to respond to workload changes,
such as interactive tasks dominating during daytime while
batch processing tasks increase at night.

Dynamic Bipartite Graph Matching. Based on the mul-
tidimensional feature vectors, we construct a bipartite graph
B =(Q, G, E) between task queue nodes Q and GPU nodes
G. The edge weight w;, between queue Q; and GPU node g
is computed using a multi-objective optimization function:

wig=a-C(Qj,8)+B U +y D '(Q;,8) (1

where C(Q;,8) = % represents cache affinity as the
J

ratio of adapters in queue Q; that are already cached in GPU
g’s memory, with A; being the set of adapters needed by
queue Q; and A, being the set of adapters cached on GPU
node g. The utilization balance U(g) = 1 —|ug —uop| measures
how close the current utilization ug of node g is to the optimal
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Figure 8: Rock’s dynamic heterogeneous queue mechanism maps tasks to
GPU resources through feature vectors and bipartite graph matching. Tasks
are classified by iterations, adapter size, and type, then matched to GPUs

based on cache affinity, resource utilization, and execution latency.

70%. The inverse delay factor:

1
ZTi €Q; (i * Titer + L * Tioad)

utilization uqp =

D7(Q).8) = 2)
incorporates both iteration time Ty, and adapter loading time
Tload Dased on task characteristics. We set the weight factors to
a =0.6, 8=0.3, and y = 0.1 to balance cache locality, load
distribution, and latency minimization. Every 90s, the system
updates this bipartite graph and performs optimal matching
to dynamically allocate tasks to GPU nodes, achieving both
high cache hit rates and balanced resource utilization across
the cluster.

The 90s update interval is strategically chosen based on
our workload analysis where the average task execution time is
approximately 30s (Table 1). This interval allows for approxi-
mately three task cycles to complete before reconfiguring the
graph, providing sufficient time to observe emerging patterns
while being responsive to workload shifts. A shorter interval
would create excessive scheduling overhead with minimal
benefit, while a longer interval might miss important workload
transitions.

Top-K Optimal Matching Loadbalance. To prevent queue
skew caused by load balancing conflicts and reduce algorithmic
complexity, we employ a Top-K optimal matching strategy. In-
stead of calculating the optimal matching for the entire bipartite
graph, which has a time complexity of O(MN?) for M queues
and N GPU nodes, we select the top K candidate GPU nodes
for each queue based on the weight matrix W. This pruning
approach reduces the computational complexity to O(MK),
with experiments showing that K = 3 maintains over 98% of
optimal performance. For each queue Q;, after identifying the
candidate set G.yng, We select the optimal GPU node g* that
minimizes load imbalance across the cluster, calculated as the
standard deviation of utilization across nodes. The load balance
degree o is defined as the standard deviation of GPU utilization:
o=, /ﬁ Zgzl (ug — i1)%. Theoretical analysis shows that when
B > 0.3, o converges exponentially with each scheduling
iteration, satisfying E[o(1)] < o(0) - e 4" + %(1 —e~%1),



Algorithm 1: Heterogeneous Queue Scheduling

Input: Task set 7, GPU nodes G, Feature dimension D
Output: Task-to-GPU mapping M
/+ Initialize feature vectors for all tasks =/
foreach rask T; € 7 do
‘ Extract feature vector v; = (s;,1;, 7, d;);

o=

3 end
/* Cluster tasks into M heterogeneous queues
*/
4 C <« GMM_Clustering({v;}, M);
s foreach cluster C; € C do
6 Initialize queue Q; with centroid u; = E[v;|T; € C;];
7 Assign tasks in C; to queue Qj;
s end
/* Construct and update bipartite graph */
9 while system is running do
10 foreach queue Q; € Q and GPU g € G do
1 C(Qj,8) « % ; /* Cache affinity =/
12 U(g) — 1 - |ug —0.7|; /* Utilization
balance x/
13 D7(Q),8) < zT,eQ,(s.--'r"e,+l.-«nm>;
14 Wig «— 0.6-C(Q;,8)+0.3-U(g)+0.1- D1(Q},8);
15 end
/+ Top-K matching for each queue */
16 foreach queue Q; € Q do
17 Geand &TOPK({nglg € g}’K:3);
/* Select optimal node to minimize
utilization std dev */
18 g" «— argmingeG,, {0 (U|g assigned to Q;)};
19 M[Q;)] « g%
20 Update ug- with estimated load from Q;;
21 end
/* Detect distribution shift and re-cluster
if needed */
22 Collect recent task feature distribution Peyrrent;
23 if DKL(PL‘urrentl |Prefarence) > 6 then
24 Re-run clustering to update queues;
25 Preference < Peurrent
26 end
27 Wait for next scheduling interval (90s);
28 end

where £ is the convergence rate and 7 is the disturbance upper
bound. This approach effectively balances resource utilization
while maintaining high cache affinity.

We present dynamic heterogeneous queue algorithm (Algo-
rithm 1) addresses complex scheduling challenges in distributed
LoRA environments through multidimensional feature mod-
eling (computational intensity, adapter scale, task type, and
latency sensitivity), effectively capturing workload patterns.
The algorithm adapts dynamically to changes using Gaussian
Mixture Models for clustering, establishing intelligent task-
to-resource mapping through weighted bipartite graphs that
consider cache affinity, resource utilization, and execution
latency. Experimental results demonstrate that, compared to
traditional scheduling strategies, our approach significantly
reduces resource mismatches, improves adapter loading locality,
balances heterogeneous hardware utilization, and achieves
higher resource efficiency while maintaining service level
objectives across various workloads.

4.2 LoRA Orchestration

To solve the challenges of LoRA adapter management in
cloud environments, we design a three-tier orchestration system
that efficiently allocates resources under dynamic workloads.
Current platforms struggle with the fundamental mismatch
between base models (requiring continuous memory) and
adapters (exhibiting bursty loading patterns). This mismatch
causes memory fragmentation, wasted resources, and increased
latency. Our system decouples hardware from adapters through
a tiered architecture that dynamically adapts to changing access
patterns while maintaining high throughput and responsiveness
to workload variations.

Physical Layer. The physical layer implements a fine-grained
categorization of GPU nodes based on their hardware char-
acteristics, with each node represented by a comprehensive
feature vector:

bw
_ mem i comp
h; = (", - » frag; ., ¢ ) 3)
S~—— i ~—— S~——
memory " fragmentation computation
bandwidth

where ¢;™" represents available GPU memory in GB, %
captures memory bandwidth efficiency, frag; quantifies current
memory fragmentation, and ¢;°" represents normalized com-
pute throughput. Using density-based clustering (DBSCAN
with carefully tuned parameters € = 0.25, min_samples = 6,
and Euclidean distance metric), the system automatically
groups similar nodes to form homogeneous clusters that can
efficiently handle specific adapter categories. This data-driven
approach significantly reduces cross-node resource imbalances
that commonly plague traditional static allocation strategies,
achieving up to 37% improvement in resource utilization
efficiency compared to hardware-agnostic scheduling methods
in our production environment.

Logical Partition Layer (Host Memory). Above the physical
layer, we establish a logical partition layer that creates dynamic
logical partitions {#,,} within each physical cluster. Each
partition specifically manages a set of adapters ‘A,,,. The core
motivation for this hierarchical design stems from our in-
depth observations of LoRA deployment issues in real cloud
environments: traditional static resource allocation strategies
cannot handle the dramatic fluctuations in adapter access
patterns, especially when hot adapters migrate or user pref-
erences suddenly change, easily causing resource imbalances
where some nodes are overloaded while others remain idle. By
introducing dynamic logical partitions, the system can flexibly
adjust adapter management boundaries while maintaining
stable physical resources, achieving dynamic matching between
resource allocation and access patterns. Partition capacity is



dynamically adjusted according to real-time access heat:

Zajeﬂm fj(t)
Z%:l Dajed,y Ji(t)

where f;(¢) represents the access frequency statistics within
a sliding time window (A = 45s). This adaptive resource
allocation mechanism based on real-time load enables the
system to effectively capture and respond to spatiotemporal
changes in user request patterns, significantly improving re-
source utilization while ensuring service quality.

|Pm (1) = |Gkl +1 “4)

GPU Cache. To effectively manage LoRA adapter parameters
and resolve cache inconsistency issues in cloud environments,
we build an elastic caching layer above the logical partitions.
This layer encapsulates adapter parameters as independently
manageable cache blocks B;, maintaining dynamic replicas
within partitions. Traditional fixed-replica strategies often fail to
handle highly dynamic access patterns in cloud environments,
either wasting resources or failing to meet burst requests. There-
fore, we design an adaptive replica management mechanism
where the number of replicas is dynamically adjusted according
to adapter popularity:

mem

Rj(1) = 1.5 (f(0)°°  \| —Fmems )

an(Smem)

This formula comprehensively considers three key dimensions:
access frequency f;(¢), parameter scale s;’.“em, and average
parameter size avg(s™™), enabling the system to ensure high
availability of hot adapters while avoiding over-allocation of
resources to cold adapters. When partition GPU memory usage
exceeds the 85% threshold, the system automatically triggers
an LRU eviction mechanism, prioritizing the replacement of in-
frequently accessed adapter caches, thereby maintaining overall
system stability and responsive capability. This elastic caching
mechanism significantly enhances the system’s adaptability to
workload fluctuations.

Dynamic Placement Strategy. To address the inefficiencies
of traditional static resource allocation when facing dynamic
access patterns of LoRA adapters, we designed a probabilistic
dynamic placement strategy based on multidimensional fea-
tures. This strategy fully considers the spatiotemporal locality
characteristics of adapter access in cloud environments and the
heterogeneity of hardware topological structures, dynamically
adjusting adapter placement positions through a comprehensive
scoring function. Based on scoring results, the system imple-
ments probabilistic placement decisions for each candidate
node:

score(h;, aj)2

Dy ep,, score(hir, aj)?

Di (6)

where the scoring function comprehensively considers key
metrics such as node bandwidth, memory utilization, and
network topology distance. The system selects the Top-3
highest-scoring nodes to build a candidate set, with the final
target node determined according to the probability distribution
pi, which both avoids the "herding effect" caused by greedy
algorithms and ensures overall balance in resource allocation.
Experimental results show that this strategy enables 90% of
access requests to be responded to within a 2-hop topological
range, effectively reducing cross-node data transfer overhead
while lowering the average loading latency of hot adapters. This
dynamic adaptive placement mechanism not only improves the
system’s adaptability to load changes but also significantly en-
hances resource utilization efficiency in large-scale deployment
environments.

To ensure system stability under dynamic load conditions,
we need to theoretically prove the convergence of our LoRA
orchestration mechanism. Static caching strategies in existing
cloud platforms often fail to adapt to bursty access pattern
changes, leading to severe performance fluctuations during
hotspot migrations or sudden shifts in user preferences. By
constructing a Markov chain model to analyze system state
transition characteristics, we can quantitatively evaluate system
stability when facing complex load variations. We define the
state transition probability as:

min(1, e BEG)-EMX)))

dxy = 7 @)

where the energy function E(x) = ,J~=1 IZ—’ +a Zi]\:’ | frag; com-
J

prehensively considers the ratio between access frequency f;
and replica count R;, as well as system memory fragmentation
rate frag;. This energy function is designed based on the
Metropolis-Hastings algorithm from statistical mechanics and
contains two key components: a load imbalance term measuring
the mismatch between access frequency and replica counts,
and a memory fragmentation term quantifying system mem-
ory fragmentation, both jointly affecting resource utilization
efficiency.

The temperature coefficient 8 = 0.5 achieves optimal
balance between convergence speed and stability, while weight
coefficient 1 = 0.3 realizes the best trade-off between load
balancing and memory efficiency based on typical cloud
environment load characteristics. Theoretical analysis shows
that when the transition count 77 > [% the system enters a
steady-state distribution with probability 1 — €, ensuring long-
term stability in resource allocation. In production environment
tests, even when facing 10X traffic fluctuations, the system
stabilizes cache hit rates above 92% within 150s, effectively
mitigating the performance collapse problems that traditional
static allocation strategies face during load changes. This



TABLE 2: Stable Diffusion Model Specifications

Model Params  Task Type
SD XL Base 1.0 [32] 3.5B Text-to-Image Generation
SD 2 Inpainting [33] 1.5B Image Inpainting

SD XL Refiner 1.0 [32] 3.5B Image-to-Image

Note: Models are Stable Diffusion variants optimized for different generation
tasks, ranging from 1.5B to 3.5B parameters, suitable for our heterogeneous
GPU testbed and representative of production workloads.
adaptive resource allocation mechanism not only improves
system adaptability to workload variations but also signifi-
cantly enhances resource utilization efficiency in large-scale

deployment environments.

5. Implementation

We implemented ROCK by extending the PEFT framework [6]
with enhanced adapter management capabilities. Our modifica-
tions enable fine-grained control over adapter loading, unload-
ing, and caching operations while maintaining compatibility
with existing Stable Diffusion deployments. For cluster-level
orchestration, we integrated with Kubernetes through custom
scheduler hooks that intercept pod scheduling decisions and
apply our workload-aware placement logic based on real-time
cluster conditions.

To manage distributed adapter caching, we developed a
lightweight Python component that coordinates adapter place-
ment across the cluster according to our dynamic placement
strategy. This component works alongside performance monitor-
ing agents deployed as sidecars to each pod, collecting metrics
on GPU utilization, memory usage, and request latencies. These
metrics feed directly into our adaptive algorithms, enabling
efficient adapter distribution while maintaining high cache hit
rates even under variable workloads.

6. Evaluation

6.1 Experiment Setup

Testbed. We evaluated ROCK on a heterogeneous cluster
with 64 GPUs across four different models (NVIDIA A100,
A40, V100, and RTX 3090) distributed over 16 compute nodes.
Each node has 128 CPU cores, 1TB memory, and 100Gbps
RDMA networking. Our software stack includes PyTorch with
Diffusers library and CUDA 12.2 for comprehensive testing
across diverse hardware.

Models. We used three popular Stable Diffusion models (XL
Base 1.0, SD 2 Inpainting, and XL Refiner 1.0) as detailed
in Table 2. For LoRA adapters, we combined open-source
adapters with custom ones having ranks from 8 to 64, creating
a parameter size range of 5-200MB that effectively simulates
real-world production deployments.

Workloads. Our workloads are derived from carefully pre-
processed production data collected over a three-month pe-
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Figure 9: LoRA requests follow a long-Ltaileg distribution, with 20% of LoRA
adapters handling 80% of the total requests.

riod, preserving essential features including text prompts,
task types (text-to-image, inpainting, or refinement), iteration
counts (ranging from 20-50), image resolutions (512x512
to 1024x1024), and source images for inpainting tasks. We
pre-associated 200+ LoRA adapters with their corresponding
requests based on user preferences and style requirements.
As shown in Fig. 9, these adapters follow a pronounced long-
tailed distribution where approximately 20% of adapters handle
80% of total requests—a pattern consistently observed in
real-world deployment environments. This skewed distribution
creates both challenges and opportunities for efficient adapter
management, as popular adapters should ideally remain cached
while less frequently used ones require intelligent placement
strategies.

Baselines. As there are no existing systems specifically
targeting Stable Diffusion serving with LoRA adapters, we
compare ROCK with several baseline approaches [12]:

« RROD (Round Robin and On-demand Loading): Requests
are distributed to workers via round-robin scheduling, with
adapters loaded on-demand when needed by each worker.

« LRUMS (LRU Cache with Matching Score): A common
enterprise approach that uses weighted matching scores to
evaluate request-hardware compatibility, considering base
model presence, adapter cache status, and queue length, with
LRU-based adapter caching.

« Proactive: Adapted from LLM serving strategies [11, 12],
this approach predicts future workloads based on historical
patterns and preloads base models and frequently used
adapters to reduce loading latency.

6.2 Overall End-to-End Performance

We compared Rock with baseline methods under preprocessed
workloads. Fig. 10 shows the average and 99th percentile re-
sponse latency. Across task types, Rock reduces average latency
by 25.4%, 26.1%, and 16.6% compared to RROD, LRUMS,
and Proactive respectively (Fig. 10a). The most significant
improvement—41.8% reduction—appears in INPAINTING
tasks compared to LRUMS, indicating that traditional LRU
caching struggles with infrequently accessed LoRA adapters.
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Figure 11: Performance Comparison of Rock and Baselines. (a) Average
inference latency under the TXT_2_IMG workload type. (b) Comparison of
memory usage across methods.

Intuitively, this happens because inpainting tasks require spe-
cialized adapters that may be repeatedly evicted and reloaded
under simple LRU policies, creating a "thrashing" effect that
wastes computational resources.

Fig. 10b shows the 99th percentile latency, where Rock
maintains values under 80s while other strategies approach
100s. This demonstrates that Rock effectively reduces tail
latency, providing more stable service quality. At a fundamental
level, this stability stems from Rock’s ability to anticipate
adapter needs and intelligently place them across the storage
hierarchy, avoiding the sudden performance cliffs that occur
in other systems when adapter cache misses cascade during
high-demand periods. These results confirm Rock outperforms
existing strategies in both average and tail latency, validating
its effectiveness for LoRA-based generative tasks.

6.3 Benefit from LoRA Orchestration

We further evaluate the performance of Rock under only the
TXT_2_IMG workload type, as the other two types require
downloading and processing input images, which introduces
variable network-dependent latency that could obscure the core
system benefits. Fig. 11a shows that Rock achieves significant
reductions in average inference latency: 16.8% compared to
RROD, 19.5% compared to LRUMS, and 14.5% compared to
the Proactive strategy.

These performance improvements stem from three key
mechanisms in our LoRA orchestration: (1) the three-tier
architecture effectively decouples the rigid hardware-adapter
dependencies, reducing resource contention during adapter
transitions; (2) the dynamic placement strategy ensures fre-
quently accessed adapters are stored on devices with optimal
bandwidth characteristics, minimizing loading overhead; and (3)

TABLE 3: Loading Latency Comparison

LoRA Update Update Cache Hit
Methods Counts Latency (s) Rate (%)
RROD 61 6.82 0
LRUMS 45 5.78 39.2
Proactive 25 5.48 66.2
ROCK 14 4.81 84.1

Note: The table shows LoRA update statistics across different methods.
ROCK achieves the lowest number of adapter updates and update latency
while maintaining the highest cache hit rate.

our probabilistic replica management adapts to access patterns
in real-time, maintaining high availability for hot adapters
while preventing memory fragmentation.

Memory usage statistics in Fig. 11b further validate our
approach’s efficiency. The smaller box height for Rock indicates
remarkably stable memory utilization across different work-
loads, demonstrating that our orchestration effectively mitigates
the memory volatility common in generative tasks. While
achieving comparable high absolute memory utilization to the
Proactive strategy, Rock does so without requiring extensive
prediction models, making it more robust to unexpected
workload shifts. This combination of high and stable memory
utilization directly translates to improved inference throughput,
as the system spends less time in memory management
operations and more time on productive computation.

Table 3 shows ROCK’s superior LORA adapter management
efficiency compared to other approaches. ROCK reduces
adapter update frequency by 77% versus RROD and 44% versus
Proactive methods, while decreasing update latency by 29.5%
and 12.2% respectively. Most importantly, ROCK achieves an
84.1% cache hit rate—more than double that of LRUMS and
27% higher than Proactive. These results demonstrate the ef-
fectiveness of ROCK’s multilevel orchestration framework and
dynamic placement strategy in optimizing adapter placement
and reducing resource contention.

6.4 Effectiveness of Dynamic Heterogeneous Queue

We analyzed queue performance across all methods. Fig. 12a
shows that Rock maintains significantly shorter queue lengths
compared to other approaches, demonstrating its efficiency
through dynamic bipartite graph matching and Top-K optimal
load balancing. This advantage is particularly evident in
heterogeneous clusters, where devices vary in computing power,
memory capacity, and I/O bandwidth. The dynamic heteroge-
neous queue effectively leverages these hardware differences
to reduce waiting time and improve resource utilization.

Fig. 12b shows average queue times under varying request
loads. At low QPS (<4), most methods except RROD maintain
acceptable queue times. However, as traffic intensifies, LRUMS
experiences dramatic increases in queue time, while Rock
maintains relatively stable performance—even under high load.
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This stability stems from intelligent workload distribution that
matches task characteristics to appropriate hardware resources,
allowing the system to handle traffic spikes more effectively
than traditional approaches that treat all tasks as homogeneous.

7. Related Work

In recent years, large language model (LLM) serving systems
[34-42] have advanced significantly, with technologies like
vLLM [43], DeepSpeed-Inference [44], LoongServe [45] and
DistServe [46] improving efficiency through innovations in
paged memory management and continuous batching [47].
However, the inference ecosystem for multimodal models re-
mains fragmented, lacking the unified optimization approaches
seen in LLM serving.

While LLM-focused adapter serving techniques—such as
DLora’s proactive loading [11], Punica’s migration strate-
gies [9], S-LoRA’s efficient scheduling [10], and CaraServe’s
CPU-GPU coordination [12]—provide valuable insights, they
inadequately address the unique challenges of multimodal
systems. Specifically, these approaches fail to account for the
complex topological dependencies between components like
CLIP and UNet, often leading to resource contention during
dynamic scheduling [16, 17, 27]. Additionally, techniques like
continuous batching and request interruption recovery require
substantial adaptation for long-running image generation tasks,
where effective multi-level cache coordination mechanisms
remain notably absent [48, 49].

Cloud provider solutions [50, 51] primarily optimize single-
machine performance through hardware acceleration and mem-
ory caching, but lack systematic support for the heterogeneous
characteristics of multimodal workloads and the dynamic nature
of adapter management at scale. These approaches typically
focus on static resource allocation and simplified caching
strategies that fail to address the complex interplay between
diverse adapter sizes, varying iteration requirements, and
fluctuating request patterns. ROCK addresses these limitations
with its specialized three-layer orchestration framework, which
decouples hardware resources from adapter management while
providing fine-grained scheduling tailored specifically for the

unique challenges of multimodal model serving with thousands
of LoRA adapters.

8. Limitations and Future Work

Despite ROCK’s significant improvements in adapter man-
agement and resource utilization, our work has limitations
in both middleware-level metrics and GPU hardware-level
resource monitoring (memory bandwidth, compute saturation,
kernel patterns). Future work will address these gaps through
a comprehensive benchmark dataset integrating workload
characteristics, middleware performance, and system resource
utilization, enabling deeper analysis of request-hardware re-
lationships and revealing new optimization opportunities for
multimodal serving systems.

9. Conclusion

In this paper, we presented ROCK, a system for efficiently
serving thousands of LoRA adapters in cloud environments
through dynamic heterogeneous queues and intelligent orches-
tration. Our analysis of real production workloads revealed
critical challenges in current serving systems, including request
burstiness, adapter management inefficiencies, and resource
mismatch. Experimental results demonstrate that ROCK sig-
nificantly reduces adapter loading latency, increases memory
utilization, and improves system throughput.
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