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Abstract

Large Language Model (LLM) adapters enable low-cost model specialization, but introduce complex caching and schedul-
ing challenges in distributed serving systems where hundreds of adapters must be hosted concurrently. While prior work
has largely focused on latency and throughput optimization, minimizing GPU resource requirements through near-
(\] peak utilization remains largely underexplored. This paper presents a data-driven pipeline that, for a given workload,
— computes an adapter placement that serves the workload with the minimum number of GPUs while avoiding request
starvation and GPU memory errors. To that end, the approach identifies the maximum feasible throughput attainable

on each GPU by leveraging accurate performance predictions learned from real serving behavior. The proposed pipeline
integrates three components: (i) a Digital Twin (DT) tailored to LLM-adapter serving, (ii) a distilled machine learning
—— (ML) model trained on DT-generated data, and (iii) a greedy placement algorithm that exploits ML-based performance
estimates to maximize GPU efficiency. The DT emulates real system dynamics with high fidelity, achieving below 5%
throughput estimation error while executing up to 90x faster than full LLM benchmarking across both predictable
= and unpredictable workloads. The learned ML models further accelerate performance estimation with marginal ac-
() curacy degradation, enabling scalable optimization. Experimental results demonstrate that the pipeline substantially
—improves GPU efficiency, reducing the number of GPUs required to sustain target workloads by 60% on average across
the evaluated scenarios. Beyond GPU efficiency, the pipeline can be adapted to alternative objectives, such as latency

026

DC

c; minimization, highlighting its versatility for future large-scale LLM serving infrastructures.
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\J] 1. Introduction As adapters are increasingly used to specialize and

loy LLM i k fficientl -

8 With the rapid advancement and widespread adoption dep Oy LS actoss dlverse.tas s [35], efficiently man
aging their inference execution has become a key sys-

C\J of Large Language Models (LLMs), the demand for LLM- .

- adaptors b onificantly. While LLM 1 tems concern [37, 18, 13]. Although adapters were orig-

> adapters has grown signincantly. 1e S are large- inally designed to be merged into the backbone model to

.~ scale models trained to achieve strong performance across

>< diverse language tasks, adapters specialize this general

E knowledge to concrete applications through lightweight pa-
rameter additions [12, 11, 20, 10]. The use of adapters is
far quicker than training-from-scratch or fine-tuning a new
model, which is a tedious and long process that requires
meticulous data curation and high computation capabili-
ties. Moreover, adapters achieve comparable performance
to other equivalent methods such as in-context learning [4]
or prompt tuning [19, 25].

avoid additional computation and preserve latency [12],
contemporary serving systems typically keep them un-
merged. This design enables the serving of multiple task-
specific adapters on top of a shared backbone without
replicating its large parameter footprint in GPU mem-
ory. Such an approach is particularly well suited for
multi-tenant environments, where a system must serve
multiple users, each requiring a distinct model special-
ization [30]. Since adapters are compact, a single GPU
can serve hundreds or even thousands of different special-
+ Corresnond h izations of the same LLM [31, 5]. This consolidation in-
ponding author
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ate request states (i.e. KV cache), so requests accumu-
late faster than they are processed and latency increases
steadily. Determining an allocation that maximizes per-
GPU throughput, and thus GPU utilization, without trig-
gering starvation is non-trivial. This optimal point, de-
noted as Maxpqcr, depends on the interplay between the
sizes and request arrival rates of the adapters, which vary
across deployments and over time. Adapter size constrains
the GPU memory available for intermediate states and in-
creases computation time, while arrival rate governs the
load induced by each adapter.

To mitigate the GPU footprint of adapter weights, serv-
ing systems often employ dynamic mechanisms that swap
adapters between CPU and GPU memory based on uti-
lization. Adapters resident in GPU memory can execute
requests in parallel with other resident adapters [6], while
swapping enables interleaved execution among adapters
that do not simultaneously coexist on the GPU. Some
frameworks, such as vLLM [16], additionally enforce a
static upper bound on the number of loaded adapters,
Apaz, and preallocate the corresponding GPU memory
at initialization. This choice directly shapes Maxpqcr: in-
creasing A,,.. reduces memory available for request pro-
cessing, while decreasing it limits achievable parallelism.
Improper tuning of A,,4, can therefore induce starvation
and, in extreme cases, GPU memory errors.

Building on these observations, this work addresses
the following problem: given an expected future
workload composed of adapters with heteroge-
neous sizes and request arrival rates, determine
a GPU allocation strategy that maximizes per-
GPU throughput by achieving Max,.ck, so that
the workload is served using the minimum number
of GPUs without incurring starvation or memory
errors. The solution must also derive the correspond-
ing A,.q. configuration for each GPU. By expected future
workload, we focus on predictable workloads that can be
estimated in advance, such as long-term patterns present
in production traces that exhibit periodicity [37]. This
formulation enables distributed systems to provision the
minimal GPU capacity required for a workload in advance,
improving hardware efficiency. We refer to this optimiza-
tion challenge as the adapter caching problem, whose
output specifies adapter placement across GPUs together
with per-GPU A, 4. values.

While prior work has explored the optimization of LLM-
adapter serving via kernel-level enhancements [6], mem-
ory management techniques [31], and scheduling strate-
gies [13], the adapter caching problem remains largely un-
derexplored. The most closely related approaches, such
as dLoRA [37] and LoRAServe [14], propose proactive
adapter placement strategies based on estimated long-
term workload patterns, aiming to reduce latency or im-
prove throughput by fully leveraging available hardware
resources. In contrast, our objective is to maximize hard-
ware efficiency by minimizing the number of required
GPUs through near-peak utilization of a subset of the

devices, while leaving the remaining GPUs available for
alternative workloads or reduced energy consumption.

To this end, we propose a data-driven pipeline com-
prising three phases: (i) a Digital Twin (DT) that emu-
lates an online LLM-adapter serving system; (ii) a machine
learning (ML) phase that employs data generated by the
DT; and (iii) a greedy algorithm that computes the final
adapter placement to solve the caching problem. Unlike
prior approaches, which rely on heuristics or partial knowl-
edge of serving behavior, our method bases allocation de-
cisions on complete serving behavior that is learned by the
ML phase under diverse workload and system conditions.
The greedy algorithm exploits this performance knowledge
to approach the optimal packing point, Maxzpqcr, while
determining an appropriate A,,,, configuration. To train
the ML models without incurring the prohibitive cost of
profiling a real LLM-adapter serving system, we introduce
the DT, which reproduces system behavior with orders-
of-magnitude faster execution and substantially lower re-
source consumption. Building this DT required an in-
depth profiling and analysis of the dominant overheads
in LLM-adapter serving, which we also report.

We evaluate our approach using the widely adopted
vLLM framework [16] with LoRA adapters [12]. To il-
lustrate the generality of the adapter caching problem be-
yond a single framework, we additionally provide a brief
analysis using S-LoRA [31] in Appendix A.

In summary, we make the following contributions:

e We propose a data-driven pipeline for address-
ing the adapter caching problem, which aims to
minimize the number of GPUs required to serve an
anticipated workload. The approach maximizes per-
GPU utilization while preventing request starvation
and memory errors. The pipeline integrates a Digital
Twin, an ML learning phase, and a greedy allocation
algorithm. Results demonstrate that the proposed so-
lution improves resource efficiency, reducing the num-
ber of GPUs required to sustain target workloads by
an average of 60% across evaluated scenarios.

e To the best of our knowledge, we introduce the first
Digital Twin for LLM-adapter serving. The
proposed Digital Twin operates orders of magnitude
faster than the real system while accurately repro-
ducing key performance metrics, and enables efficient
generation of synthetic data to support the ML phase.

e We provide a comprehensive analysis of the dom-
inant overheads in LLM-adapter serving, quan-
tifying their interactions across diverse workloads and
deriving actionable guidelines for system configura-
tion and optimization.

Paper structure: The remainder of this work is orga-
nized as follows. Sections 2 and 3 present the necessary
background and prior work, with the former also showing
the adapter caching problem in practice. Sections 4, 5, 6,



and 7 detail the components of the proposed pipeline. Sec-
tion 8 reports the main experimental results, while Sec-
tions 9 and 10 provide discussion and concluding remarks.

2. Background

2.1. LLM serving

An LLM serving system processes each request through
two sequential phases: prefill and decode. During prefill,
all input tokens are processed in parallel, producing inter-
mediate attention states, commonly referred to as the KV
cache, which are stored in GPU memory to avoid redun-
dant computation during generation. In the decode phase,
output tokens are generated autoregressively, while newly
computed KV values are appended to memory. Genera-
tion terminates upon emission of an end-of-sequence token
or when the maximum output length is reached.

Because decoding is inherently sequential and there-
fore not compute-intensive, serving systems improve hard-
ware utilization by processing multiple requests in parallel
through batching [27]. As static batching is inefficient un-
der variable output lengths, modern systems instead adopt
continuous batching [40, 16, 23, 22|. It allows requests to
dynamically enter and exit the batch between decoding it-
erations, significantly improving throughput and latency.

At runtime, the number of active requests in the batch
is primarily constrained by GPU memory, as each re-
quest maintains a growing KV cache throughout decod-
ing. Early frameworks conservatively preallocated mem-
ory for the maximum possible output length, resulting in
substantial overprovisioning. In contrast, systems such as
vLLM [16] and S-LoRA [31] employ greedy KV-cache al-
location strategies that reserve memory only for a limited
window of upcoming tokens, improving memory efficiency.

2.2. (vLLM) Adapter serving

Multiple types of LLM-adapters have been proposed [11,
20, 10, 32]. In this work, we focus on LoRA adapters [12],
which remain the most widely adopted approach. LoRA
introduces trainable weights into specific layers of the
backbone LLM through two low-rank matrices. Their re-
sulting activations are added to the corresponding back-
bone layer outputs, allowing the adapter to learn only
the residual difference between the pretrained and target
tasks. The size of a LoRA adapter is defined by the di-
mensionality of its low-rank latent space, known as rank.

Modern serving systems support parallel execution of
multiple adapters within the same batch through kernel-
level optimizations [6]. Nevertheless, a request can be
processed only if both the backbone model and adapter
weights reside in GPU memory. Adapter weights there-
fore reduce the memory available for requests KV cache.
To alleviate this limitation, adapters are dynamically swap
between CPU and GPU depending on their current usage.

In vLLM, GPU memory is statically partitioned at ini-
tialization by reserving a fixed region for adapter weights.
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Figure 1: Throughput as a function of the number of served adapters
under varying adapter sizes (left), arrival rates (center) and config-
ured Apmaqe (right). Each line corresponds to experiments in which
all parameters remain fixed except for the number of adapters. Re-
sults were obtained using vLLM with Llama-2-7B [33] and a public
LoRA adapter [39] on an NVIDIA H100 Hopper GPU, processing a
total of 4096 prompts submitted at the beginning of execution until
completion. Default parameters were chosen to saturate the GPU
between 100 and 300 adapters for improved visualization: adapter
size 8, per-adapter arrival rate of 0.05 req/s, 250 input tokens per re-
quest and 231 output tokens per request. In the two leftmost plots,
Amaz is set equal to the number of served adapters and Sy,azx is
configured to match the adapter size used in each experiment across
all plots, representing the most straightforward GPU configuration.

This design limits the maximum number of simultaneously
loaded adapters, denoted as A,,q,. Although tunable,
there is no principled methodology to choose its optimal
value. Furthermore, vLLM assigns a uniform maximum
memory footprint per adapter, Sy, causing all adapters
to occupy identical GPU memory space regardless of their
actual size. S-LoRA [31] mitigates these limitations by
jointly managing KV-cache and adapter-weight memory
within a unified cache. However, given the archival sta-
tus of its codebase and its limited adoption in practice, it
is not used as the primary framework in this study. An
exploratory analysis is provided in Appendix A.

2.3. Illustrating the adapter caching problem

Fig. 1 illustrates the adapter caching problem under ho-
mogeneous workloads on a single GPU. Each curve shows
the throughput as a function of the number of concurrently
served adapters. Two distinct regimes are consistently ob-
served in each line. Initially, throughput increases approx-
imately linearly as additional adapters introduce more re-
quest load that can be efficiently batched together. Be-
yond a certain point, throughput saturates or degrades due
to insufficient GPU memory for KV-cache allocation, re-
sulting in request starvation. The transition between these
two regimes marks the optimal packing point Mazpgcr
targeted in this work, which maximizes throughput while
avoiding starvation. In practice, we identify this point as
the highest measured throughput that remains above 90%
of the total incoming token rate.

The location of Maxpacr is highly sensitive to adapter
size, arrival rate, and the configured value of A,,.., as a
consequence of the adapter-serving overheads analyzed in
Section 5.1. Larger adapters reduce the available mem-
ory for request processing and increase computation cost,
yielding lower Maxpqcr points. Lower arrival rates sim-
ilarly obtain lower peak points, as more adapters are
required to saturate GPU memory, increasing adapter
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Figure 2: Proposed data-driven pipeline to address the adapter caching problem (right), shown alongside its expected usage within a production
system (left). The numbered red markers indicate the recommended reading order of the workflow.

overheads. The choice of A,,,, introduces a trade-off
between reserving excessive memory for adapters (e.g.,
Amaz = 320) and restricting achievable parallelism (e.g.,
Apaz = 96). While the results shown correspond to homo-
geneous workloads, higher variance arises under heteroge-
neous adapter sizes and arrival rates. Lastly, memory er-
rors (marked as crosses) occur for large adapter sizes and
low arrival rates as A,,q. is trivially set equal to the num-
ber of served adapters, resulting in the reservation of more
GPU memory for adapter weights than is available.

3. Related work

3.1. LLM adapter optimization

A growing body of work has focused on improving the
efficiency of LLM-adapter serving systems. Existing ap-
proaches can be broadly divided into three categories.
First, kernel-level optimizations, such as Punica [6], im-
prove execution efficiency by enabling batching across
requests associated with different adapters.  Second,
memory-level optimizations, exemplified by S-LoRA [31],
extend vLLM by dynamically partitioning GPU memory
across both requests and adapters. Third, scheduling tech-
niques, which include methods for request scheduling, such
as Toppings [18] and Chameleon [13], as well as adapter
placement strategies, discussed in the following section.

Toppings mitigates cold-start overheads and opti-
mizes scheduling for heterogeneous adapter sizes, whereas

Chameleon improves adapter cache management and in-
troduces an express-lane mechanism for short requests.
Both systems provide detailed performance analyses: Top-
pings primarily studies the computational overhead intro-
duced by mixing adapters, while Chameleon focuses on
Time To First Token (TTFT) and adapter loading latency.
We extend these performance analyses by systematically
studying the primary overheads of adapters and their im-
pact on throughput and Inter-Token Latency (ITL), which
form the foundation for the design of our proposed DT.

3.1.1. Placement methods

dLoRA [37] and LoRAServe [14] are prominent ap-
proaches to adapter placement. Both propose proactive
placement strategies for distributed systems, analogous to
the adapter caching problem, leveraging estimated long-
term workload patterns derived from production traces
to minimize latency and maximize throughput. dLoRA
uses a heuristic based on the ratio between available GPU
memory after loading adapter weights and the estimated
adapter load, whereas LoRAServe uses a greedy algorithm
that reduces adapter size heterogeneity by leveraging pro-
filed single-adapter serving throughput as an estimate of
peak GPU capacity. Additionally, dLoRA incorporates
a reactive Integer Linear Programming (ILP) based opti-
mization to adapt placement decisions to short-term work-
load variations arising from unpredictable output lengths.

While dLoRA and LoRAServe aim to fully utilize avail-



able hardware resources, our work focuses on resource effi-
ciency by achieving near-peak GPU utilization (Mazpack ),
thereby reducing the total number of GPUs required
to serve a given workload. Furthermore, unlike the
heuristic-based approach of dLoRA, we adopt a data-
driven methodology grounded in observed serving behavior
through the DT. Compared to LoRAServe, our approach
captures the dynamics of serving adapters under diverse
workloads and A, configurations, thereby reflecting the
full complexity of multi-adapter LLM serving.

3.2. LLM simulators or digital twins

Several simulators have been proposed to model de-
fault LLM serving behavior. Vidur [1] aims to simplify
server configuration selection by training random forest
models on benchmarking data to predict performance met-
rics. LLMServingSim [7] emulates the continuous batching
loop of LLM serving systems and is primarily intended for
architecture exploration. Beyond simulators, more spe-
cific analytical performance models have also been pro-
posed. Latency is commonly approximated as a linear
function of batch size, following earlier studies on generic
AT models [41, 29]. In the context of adapter serving, Top-
pings [18] models adapter computation latency as a linear
function of batch size and either the sum or the maximum
adapter size within the current batch.

To the best of our knowledge, no existing simulator
or digital twin explicitly models the combined dynam-
ics of adapter caching, KV-cache allocation, and contin-
uous batching in multi-adapter LLM serving. Our Digital
Twin combines code-based simulation with predictive be-
havior modeling. The latter relies on performance models
that reuse existing analytical formulations where applica-
ble, while incorporating additional components and refine-
ments to accurately capture adapter-serving behavior un-
der heterogeneous workloads.

3.8. Eztension of prior workshop version

A preliminary version of this work was presented at the
NeurIPS ML for Systems Workshop (2025) [21], where
throughput maximization was addressed in single-GPU
settings via Maxpecr estimation. This manuscript sub-
stantially extends that work by generalizing the problem
to distributed multi-GPU environments and introducing a
greedy placement algorithm for adapter allocation. More-
over, the ML component is reformulated as a distilled sur-
rogate of the Digital Twin (DT), enabling efficient perfor-
mance prediction to guide placement under heterogeneous
workloads. Finally, the experimental evaluation is signifi-
cantly expanded, including validation under unpredictable
arrival patterns and distributed scenarios with real trace-
sampled arrivals not considered in the workshop version.

4. Pipeline overview

Fig. 2 illustrates the proposed data-driven pipeline and
its expected integration within a production system. In-

spired by the long-term proactive strategy of dLoRA, the
pipeline is designed to be periodically reinvoked based on
an anticipated workload. A workload is characterized by
the required adapters, their sizes, and their request ar-
rival rates. Given this workload, the pipeline computes
an adapter-to-GPU placement together with the optimal
A configuration per device. The resulting allocation
maximizes GPU efficiency by driving a subset of devices
to their maximum feasible packing throughput (Mazpeck),
thereby minimizing the number of GPUs required to serve
the workload. The remaining devices can be reassigned
to other workloads to improve overall system efficiency or
powered down to reduce energy consumption.

The pipeline consists of three components: (i) a Dig-
ital Twin (DT), (ii) an ML learning phase, and (iii) a
greedy adapter caching algorithm. The greedy algorithm
produces the final placement decision, relying on perfor-
mance predictions generated by the ML models. Trained
offline, these models estimate the achievable throughput of
a GPU under a given adapter placement and A, 4, config-
uration, and predict whether starvation may arise. An op-
tional refinement phase can simplify the models into faster
and more interpretable surrogates, at the cost of limited
accuracy degradation.

Training such models requires a large and diverse
dataset capturing LLM-adapter serving behavior across
heterogeneous workloads. Exhaustively constructing this
dataset via real-system benchmarking is computationally
prohibitive due to its execution time and resource cost. To
overcome this limitation, we introduce a Digital Twin that
emulates the internal dynamics of an LLM-adapter serving
system through a combination of code-based and predic-
tive behavior simulation. The DT operates orders of mag-
nitude faster and with substantially lower resource con-
sumption than full-system benchmarking, enabling large-
scale synthetic data generation to train the ML mod-
els. While the DT provides high-fidelity performance esti-
mates, it is not directly invoked by the greedy caching algo-
rithm, as the ML surrogate enables significantly faster in-
ference and improved interpretability, making the pipeline
suitable for production deployment. Prior to use, the DT
requires a lightweight parameterization phase based on a
small set of benchmarking experiments executed on the
target hardware and model configuration.

5. Digital twin

The proposed Digital Twin (DT) reproduces an online
LLM-adapter serving system. Rather than acting as a
simple performance metric estimator, the DT implements
the code loop corresponding to the continuous batching
process characteristic of modern serving frameworks. This
design enables accurate performance estimation under het-
erogeneous workload distributions. The DT operates of-
fline and exclusively on CPU to facilitate cost-efficient gen-
eration of training data for the ML learning phase.
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Figure 3: Digital Twin behavior and architecture.

Each iteration of the implemented loop is modeled as a
state transition function, where the system state, compris-
ing pending and running requests, loaded adapters, and
available GPU memory, is programmatically coded and
updated. These transitions are implemented by three com-
ponents (scheduler, adapter cache, and model), depicted
in Fig. 3, which replicate the core logic of the real sys-
tem. These components integrate lightweight predictive
performance models (detailed in Section 5.2) that provide
latency estimates for the time-intensive tasks of each step
(i.e., model forward pass). This design enables the DT to
approximate the temporal evolution of the system without
executing the underlying computationally intensive tasks,
thereby achieving significantly faster execution than a real
system and eliminating the need for GPU resources.

As depicted in Fig. 3, each simulation step begins by
injecting new request arrivals according to the simulated
time and the workload arrival distribution. Requests are
then passed to the scheduler, which updates the active
batch by removing completed requests and admitting new
ones. Following the design of vLLM, a greedy KV-cache
allocation strategy is applied. The updated batch is sub-
sequently processed by the adapter cache and model com-
ponents, which emulate adapter loading/unloading as well
as the model forward pass, respectively.

As a standard Digital Twin, the DT requires the same
inputs as the real system to perform the simulation. These
include the execution duration and detailed workload char-
acteristics, namely the arrival time of each request, the
target adapter, adapter size, request input length, and
the configured GPU A,,,, value. Unlike the real system,
however, the DT does not internally derive the amount
of output tokens per request. Instead, the expected out-
put length must also be provided as an input parameter.
Nevertheless, our evaluation shows that using the aver-
age output length across requests yields sufficiently accu-
rate performance estimates while remaining practical to
approximate in production environments. By reproducing
all major execution stages of a real serving system, the DT
can generate a wide range of performance metrics, includ-
ing throughput, ITL, and TTFT.
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Figure 4: Evolution of batch size and throughput with increasing
numbers of loaded adapters (left, center) and ITL versus batch size
(right), across models and adapter sizes. Crosses denote the point
where GPU memory is exhausted. Measurements were obtained
by oversaturating a single-GPU system and issuing backbone-only
requests to isolate the memory overhead of adapter weights. Mi-
nor variations in I'TL across adapter sizes are nevertheless observed,
likely due to additional operations triggered in vLLM when adapters
are activated, even if unused.

5.1. Performance analysis

We describe the four main overheads that we encoun-
tered when working with adapters. This exploration rep-
resents the foundation for the design and implementation
of the DT and its predictive performance models. Exper-
iments setup is described in Section 8.1.

5.1.1. Increased memory usage

As introduced, storing adapter weights in GPU memory
reduces the capacity available for the requests KV-cache,
which limits the batch size and thus the throughput. Fig. 4
shows this decrease in both batch size and throughput,
which appears earlier and more sharply for larger models
and adapters due to their higher memory footprint. Un-
expectedly, throughput decays exponentially rather than
linearly as batch size. This discrepancy arises from a
broader trait of LLM serving unrelated to adapter pro-
cessing. As reported in several works, increasing the batch
size beyond a certain point leads to diminishing returns
in throughput—a phenomenon known as the throughput
plateau [27, 28, 2|. This implies that, for example, with
Llama-2-7B although the first 100 loaded adapters reduce
the batch size, their impact on throughput is negligible, a
characteristic that, to the best of our knowledge, we are the
first to report. Lastly, the rightmost plot of Fig. 4 presents
the relationship between ITL and batch size, which, con-
sistent with prior reports for generic AI models [41, 29],
exhibits a linear scaling trend.

Insight. Each loaded adapter affects throughput, de-
pending on model and adapter size, but this impact may
fade due to the throughput plateau.

5.1.2. Increased computational workload

Fig. 5 shows the throughput slowdown and ITL over-
head caused by the additional computation and GPU in-
ternal transfers required to process adapters instead of
only the backbone LLM. Both metrics increase approxi-
mately linearly with the number of adapters, except for
the sharp drop from zero to one adapter. This drop cor-
responds to the shift from a backbone-only execution to
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one that must compute both backbone and adapter ac-
tivations, including the additional GPU data transfers
involved. Beyond this point, computation and transfer
overheads from multiple adapters is partially parallelized.
Adapter size has a limited impact, with size 32 occasion-
ally yielding lower overhead than size 16.

Insight. Serving adapters introduces computational
overhead in both throughput and ITL compared to
backbone-only execution, increasing linearly with the
number of adapters.

5.1.3. Loading time

Fig. 6 presents the loading time to GPU memory rel-
ative to request latency, distinguishing between loading
from disk and from CPU memory. Larger adapters in-
troduce greater overhead due to their increased size, and
disk loading is on average 70% slower than CPU loading.
Request length also strongly affects the relative impact:
for small requests, CPU loading adds 7-16% latency de-
pending on adapter size, whereas for longer requests the
overhead falls below 2%. This reduction occurs because
the fixed cost of loading becomes negligible compared to
the computation time of longer requests.

Insight. Loading overhead is significant only for
short requests and can be largely mitigated by preload-
ing adapters into CPU memory.

5.1.4. Scheduler
Fig. 7 shows the relative impact of the scheduler com-
ponent across varying numbers of adapters and configured
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Figure 7: Scheduler time relative to the average per-step execution
time, as a function of the number of adapters and configured A qq-

Apaz. When the number of adapters is high but A4, is
small, scheduling accounts for nearly 6% of execution time;
in all other cases, its impact is negligible. This behavior is
specific to the vLLM implementation rather than to LLM
adapter serving in general. It occurs because vLLM iter-
ates over all pending requests to select those admissible to
the active batch; with small A,,.., the scheduler must scan
a larger fraction of requests to find those corresponding to
loaded adapters, as requests from unloaded adapters can-
not be processed because A,,q, has already been reached.

Insight. The scheduler component of vLLM may in-
troduce an overhead when A,,,; is small relative to the
number of adapters.

5.2. Predictive performance models

As illustrated on the right side of Fig. 3, the Digital
Twin relies on four predictive performance models, sum-
marized in Equation (1), which are invoked at each step of
the reproduced continuous batching loop,. Three of these
models estimate task-specific latency—Latscheqd,; Latioad
and Lat,,oqei—while the fourth, Mem,,.., serves as an
auxiliary estimator used by the scheduler to determine the
maximum number of requests that can be batched together
under the memory pressure introduced by adapter weights
(see Section 5.1.1). Specifically, Memq, takes Apq. and
Simaz as inputs and outputs the maximum number of re-
quest tokens that can fit within GPU memory (Thnaz)-
This estimator is derived directly from profiled data, anal-
ogous to the leftmost plot in Fig. 4, but estimates the
achievable token count rather than batch size. Although
an analytical formulation could be derived from backbone
and adapter sizes, using empirical profiling results proved
more straightforward and equally accurate.

Latgcpeq is used by the scheduler to estimate the time
spent in the original vLLM scheduling component. It takes
as input the batch size (B), the number of pending re-
quests (Rp), the number of unique adapters currently in
the batch (Ap), and the total number of adapters being
served (A). Its formulation follows a analytical expression
parameterized using profiling data collected from the real
system scheduler under diverse workload conditions. The
first two terms represent the baseline scheduling behav-
ior: an iteration over the active batch to detect completed
requests and manage KV allocation, followed by a partial
iteration over pending requests to assess their eligibility for
inclusion. The final term models the overhead described in



Section 5.1.4, which accounts for the additional execution
time caused by scheduler-specific inefficiencies.

Lat;,qq estimates the time required to load adapters
during swapping (L) as a function of their size S (see
Section 5.1.3), assuming unloading is negligible. Simi-
lar to Memqz, this model is derived directly from pro-
filed data, specifically the measurements used to generate
Fig. 6. Loading is modeled from CPU memory, since disk
loading is treated as a one-time initialization cost.

Finally, Latoqe; estimates the latency arising from
GPU transfers and model forward pass. It is decom-
posed into two components: the backbone LLM latency
(Latpackbone) and the additional computational overhead
from serving adapters (Overheada). The backbone la-
tency is modeled as a linear function of batch size, consis-
tent with prior work [41, 29] and supported by the profiling
results in the rightmost plot of Fig. 4. The adapter-related
overhead is modeled as a linear function of the number of
adapters, following the findings in Fig. 5, which differs
from previous modeling [18]. The constants for both com-
ponents are parametrized from the profiling data shown in
the referenced figures.

Memmaa: (Ama:va Smaa: = Tmax

A
= K\B+ KyRp + K3Rp—2

Latsched(Ba RP> A37 A A

Latoaa(Sa
Latmodel (B7 A

= Latpackpone * Overheady
= (K4B + K5) * (KﬁA + K7)
(1)
where all constants K, are parametrized with profiled
data on the chosen backbone LLM, adapters, and hard-
ware, via non-linear least squares fitting [34].

— — ~—  —

6. ML modeling

The ML phase produces two predictive models that esti-
mate, for a single-GPU setting, (i) achievable throughput
and (ii) starvation risk for a given workload, adapter place-
ment and A,,q, configuration. These estimators are re-
peatedly invoked by the greedy caching algorithm to guide
distributed placement decisions. We adopt classical ma-
chine learning techniques, including Random Forests and
Support Vector Machines, which provide strong predictive
accuracy with moderate computational overhead. An op-
tional refinement phase further reduces inference latency
and improves interpretability, both critical for scalable and
accountable production deployment.

The models are trained on a performance dataset gen-
erated by executing the DT across a wide range of work-
load and device configurations. FEach simulated scenario
contributes one sample consisting of: (i) a feature vec-
tor encoding workload and device characteristics, (ii) the
DT-estimated throughput, and (iii) a binary starvation in-
dicator. Starvation is defined as the condition where DT-

estimated throughput falls below 90% of the total incom-
ing token rate. Although the DT supports arbitrary work-
load distributions, training data is restricted to long-term
workload patterns that can be anticipated in advance. In
practice, real production traces are approximated as per-
adapter Poisson processes, with requests characterized by
global average input and output token lengths, as these
quantities are easier to estimate in production settings and
yield sufficiently accurate results.

The feature vector characterizes both the expected
workload and the GPU configuration, comprising: the
number of served adapters A; the sum and standard devia-
tion of adapter Poisson arrival rates; the maximum, mean,
and standard deviation of adapter sizes; and the config-
ured A,,q. value. Two independent models are trained: a
regression model for throughput prediction and a binary
classifier for starvation detection.

6.1. Refinement phase

Among all evaluated model families, tree-based models
achieve the best trade-off between predictive accuracy and
interpretability. We therefore further refine these models
along two complementary dimensions: inference efficiency
and interpretability. Starting from the best-performing
trained model, we progressively reduce model complexity
until obtaining a single shallow decision tree. To this end,
the hyperparameter optimization process is modified to
strongly penalize complex structures. Model complexity
is quantified as the number of logical decision rules of the
form "condition; A conditiong A - -+ — output" into which
a decision tree can be decomposed. After complexity re-
duction, inference performance is further optimized by ex-
tracting the learned decision logic and re-implementing it
in plain Python, accelerated using Numba [17]. This ap-
proach removes framework overhead and leverages code
compilation to generate efficient machine code. Overall,
this refinement phase substantially reduces inference la-
tency and improves model interpretability, at the cost of
a moderate degradation in predictive accuracy.

7. Caching greedy algorithm

The greedy caching algorithm constitutes the final stage
of the proposed pipeline. Its objective is to solve the
adapter caching problem by minimizing the number of
GPUs required to serve a given workload through appro-
priate adapter placement and A,,,, configuration, while
avoiding starvation and memory errors. The algorithm
leverages the ML models to estimate the expected through-
put and starvation risk associated with candidate GPU al-
locations and device configurations. This problem can be
viewed as a sophisticated variant of the bin packing prob-
lem [8], and is therefore NP-hard. To address it efficiently,
we adopt a tailored variation of the First-Fit Decreasing
(FFD) algorithm [15], adapted to the specific constraints
and objectives of the adapter caching problem.



The pseudocode is shown in Algorithm 1. The algorithm
takes as input the expected future workload, defined by the
set of adapters to serve (A), and for each adapter a € A,
its expected size s[a] and Poisson arrival rate Ala]. It also
receives the total number of GPUs in the system (G). The
outputs are the GPU assignment of each adapter (g[a])
and the configuration of A,,,, per GPU (A42[g]). If no
starvation-free allocation is feasible, the algorithm raises
an exception to enforce the non-starvation constraint.

Algorithm 1 Caching greedy algorithm

Input: GPUs G = {g1,...,9u};
{a1,...,an}; sizes s[a]; rates Aa]
Output: A551gnment gla]; configuration A,,q:[g]

adapters A =

1: gla] < 0 for alla € A; Aazlg] < 0 for all g e G
2: A < PRIORITYSORTING(A, key = (A[a], s[a]))

3: Ay + QUEUE(A4); G, < QUEUE(G)

4: while A, # 0 do

5: a < POPLEFT(A,)

6:  if G, = then ERROR STARVATION

7: g < POPLEFT(G,)

8: PROVISIONALINCLUDE(g, a, s[a], A[a])

9: if REACHTESTINGPOINT(g) then

10: (ok, alloc_set, ppew) < TESTALLOCATION(g)
11: if ok then

12: COMMITALLOCATION(g)

13: for all a’ € alloc_set do gla’] g

14: Amaw [g] < Pnew

15: PUSHLEFT(Gy, 9)

16: else

17: un_alloc__set —

ROLLBACKALLOCATION(g)

18: A, < MERGE(Ay, un_alloc_ set)

19: end if
20: else
21: PUSHLEFT(GYy, 9)
22: end if

23: end while
24: for all g € G with non-tested allocation do

25: (ok, alloc_set, ppew) ¢ TESTALLOCATION(g)
26: if not ok then ERROR STARVATION

27: repeat lines 12-14

28: end for

29: return (Assignment g[a], configuration A,,q.[g])

The algorithm follows a greedy strategy, allocating
adapters sequentially to maximize GPU packing up to the
optimal point Maxpecr. Allocation order is determined
by the PRIORITYSORTING step: adapters are first sorted
by size (largest first) and then by arrival rate in a zigzag
order (alternating between high and low) while preserv-
ing size-based ordering. Sorting by size groups adapters
with similar sizes and prioritizes larger ones first, thereby
preventing newly allocated adapters from increasing Sy,q.
device configuration. The zigzag ordering was selected em-
pirically, as it consistently improved throughput in our

experiments. Exhaustive per-adapter testing is infeasi-
ble, so the algorithm performs provisional allocations via
PROVISIONALINCLUDE until a predefined testing point is
reached (REACHTESTINGPOINT). At that point, feasi-
bility is evaluated: successful allocations are committed
(COMMITALLOCATION), while failed ones are rolled back
(ROLLBACKALLOCATION), merged back into the pending
queue (MERGE), and retried on another GPU. In this
work, testing points correspond to cumulative adapter
counts [8, 16, 32, 64, 96, 128, 160, 192, 256, 320, 384].
After the main loop terminates, any remaining provisional
allocations are validated and committed.

Feasibility is evaluated by the TESTALLOCATION
method, which also determines the optimal A,,,, config-
uration. Its pseudocode is shown in Algorithm 2. The
method receives as input the GPU under evaluation and
its internal state, including the number of firmly allocated
adapters, the set of provisionally included adapters, and
their respective sizes and arrival rates. For brevity, inter-
nal state management is omitted from the pseudocodes.
The method first queries the ML model for throughput
predictions using MLPREDICTTHROUGHPUT, evaluating
the GPU state under two configurations: the current A4,
and the next candidate. As with adapter allocation, ex-
haustive exploration of all configurations is intractable. In-
stead, candidate A,,,, values are restricted to a predefined
set returned by NEXTGPUCONFIG, which reuses the same
array of adapter counts defined earlier. The configuration
yielding the highest predicted throughput is selected. Sub-
sequently, the method invokes MLPREDICTSTARVATION to
check whether the selected configuration, given the current
GPU internal state, would lead to starvation. If starva-
tion is predicted, the allocation is rejected as infeasible;
otherwise, the method returns the set of new allocatable
adapters along with the chosen A,,,, configuration.

Algorithm 2 TESTALLOCATION(g)

Input: GPU g; internal state = (Aalioc, Aprov, S[-]; Al], p)
Output: (ok, alloc_set, phew)

© Pnext NEXTGPUCONFIG(g)

: Aall — Aalloc U Aprov

T < MLPREDICTTHROUGHPUT (A, s[-], A[-], p)
¢ Thext ¢ MLPREDICTTHROUGHPUT( A, 8[|, A[‘], Prext)
if T > ﬂlcxt then Pbest < D else Phbest <~ Pnext

. starve + MLPREDICTSTARVATION (A, 8[|, A[], Pbest)
. if starve then return (FALSE, (), ()

: return (TRUE, Aprov, Dhest)

8. Evaluation

This section evaluates the Digital Twin and ML learning
phase in approximating real LLM-adapter serving behav-
ior, and the effectiveness of the caching greedy algorithm
in addressing the adapter caching problem.



8.1. Setup

Data. We sample requests from a cleaned version of
the ShareGPT dataset [3], preserving their original het-
erogeneous input and output lengths. Nevertheless, for
the data used to parametrize the DT performance models,
we generate synthetic requests composed of random words
to avoid bias in request content.

Metrics. In all textual references, figures, and tables,
throughput/through. denotes the total processing rate,
computed as the sum of input throughput (tokens pro-
cessed as input) and output throughput (tokens generated
as output).

LLM models. We use Llama-3.1-8B-Instruct [9] and
Qwen2.5-7B-Instruct [38] with LoRA adapters of varying
sizes derived from two HuggingFace adapters [36, 42]. As
of Section 5.1, developed early in this work, we test Llama-
2-7B and Llama-2-13B models [33] with LoRA adapters
also based on a HuggingFace adapter [39]. In all experi-
ments, we set Siee as the maximum adapter size across
each scenario, following the default behavior in vLLM.

ML learning phase. We evaluate three model types:
K-Nearest Neighbors (KNN), Random Forest (RF), and
Support Vector Machine (SVM), all coming from the
Python scikit-learn library [24]. Training is performed
with 5-fold cross-validation, and hyperparameter tuning is
conducted using the HalvingGridSearchCV method from
scikit-learn. The details of the hyperparameter search
space are reported in Appendix B.

Framework. Experiments use vLLM version v0.8.5,
except for the analyses in Section 5.1, which was devel-
oped earlier using version v0.5.0.post1. In terms of imple-
mentation, we introduce minor modifications to the server
components to collect auxiliary metrics and support ad-
ditional arguments, and substantially update the bench-
marking script to execute realistic online environments
with adapters. In distributed scenarios, a different vLLM
instance is deployed in each GPU with the adapter alloca-
tion provided by the placement algorithms, and requests
routed according to their assigned adapter.

Hardware. Experiments are conducted on a node
equipped with four NVIDIA Hopper H100 (64GB HBM2),
512GB RAM memory, and 80 CPU cores.

8.2. Digital Twin

We evaluate the accuracy of the proposed DT by com-
paring its predicted performance metrics against those of
a real LLM-adapter serving system, assessing its ability to
reproduce system behavior across a wide range of different
workloads. These are generated through a Cartesian com-
bination of two adapter-size sets—high-to-low {8,16, 32}
and medium-to-low {8,16}—and two Poisson arrival-rate
regimes—high {1.6,0.8,0.4} and low {0.1,0.05,0.025} re-
quests per second. For each workload, adapters randomly
select a size and a arrival rate from the chosen sets, produc-
ing heterogeneous configurations. The number of served
adapters is varied from 8 to 384, and the corresponding
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Figure 8: Comparison between DT predictions and real-system mea-
surements for throughput, ITL, and TTFT under varying numbers of
adapters and arrival rates. Experiments are conducted using adapter
sizes 8 and 16 on the Qwen-2.5-7B model with A,qx = 8, in the
Original and Mean variants. For throughput, predictions produced
by the ML model are also reported.

values of A4, are explored within the same range. Real-
system experiments are executed for one hour per con-
figuration, and accuracy is quantified using the Symmet-
ric Mean Absolute Percentage Error (SMAPE) across all
scenarios. Results are summarized in Table 1 under the
Predictable arrivals setting. Two variants of DT input in-
formation regarding request lengths are evaluated. In the
Original variant, the DT uses exact input and output to-
ken lengths from the real system. In the Mean variant, all
requests use identical token lengths equal to the workload
average. This latter configuration reflects the information
typically available in practice and corresponds to the setup
used during the ML learning phase.

Overall, the DT accurately reproduces real-system be-
havior under predictable workloads for both models.
Throughput and ITL achieve maximum SMAPE values
of 5.08% and 9.63%, respectively, while TTFT exhibits
higher deviation, with a maximum SMAPE of 18.95%.
Although the Original variant consistently yields lower er-
ror, the Mean configuration remains comparably accurate,
supporting its use in practical scenarios.

Table 2 shows DT time and resource usage. It achieves
up to a 90x speedup compared to one-hour real-system
executions, using only a single CPU core, no GPU, and
approximately 200 MB of memory. Fig. 8 illustrates a com-
parison between DT predictions and real-system measure-
ments for a subset of the tested scenarios. Consistent with
the table results, throughput and ITL are closely matched,
whereas TTFT shows larger deviations, particularly under
higher arrival rates.

Unpredictable arrivals: We further evaluate the ro-
bustness of the DT under unpredictable arrivals. To that
end, each adapter independently updates its arrival pro-
cess every five minutes. At each update, the arrival dis-
tribution is randomly selected between Poisson and log-
normal, and the corresponding arrival rate is randomly
multiplied or divided by a factor of two. To prevent un-
realistic behaviors, arrival rates are clipped within prede-
fined bounds. This configuration generates strongly non-
stationary traffic patterns, providing a challenging setting
for assessing the DT’s ability to reproduce system behav-
ior under rapidly changing workloads. An example of the



Model Req. lengths Predictable arrivals Unpredictable arrivals
SMAPE comparison (%) SMAPE comparison (%)
Through. ITL TTFT Through. ITL TTFT
Original 2.25 7.09 18.83 2.47 5.04 19.95
Llama
Mean 4.18 9.63 17.44 3.66 9.92 19.91
Qwen Original 2.59 7.18 18.95 5.16 9.87 20.74
W

Mean 5.08 9.07 17.92 5.12 9.22 20.72

Table 1: Final evaluation of the proposed DT across all predictable (left) and unpredictable (rigth) test scenarios. Reported values correspond
to SMAPE between DT predictions and real-system measurements, where lower values denote higher fidelity.

Resource consumption

Model Time (s) CPU (%) Mem (MB)
Llama  38.94 +£5.58  89.51 +1.69 202.58 £
10.85
Qwen 39.61 £5.55 90.33+1.30 204.32+9.29

Table 2: Execution time and resource consumption results of the DT
across all tested scenarios.

—— Real running
—— Real waiting

DT running
—— DT waiting

. Arrivals Adapters in running and waiting queues
‘g 150 adapter-14 800 A
5] adapter-18 N |
2 Z600{ 1
E 100 adapter-2 ® ‘,V\l J
g Ba00{ J f
=3 f |
2 50 € 200 ’ ‘\M\
2 @ |
=4 Py — e
8 0
0 10 20 30 40 50 60 0 10 20 30 40 50 60
time (min) time (min)

Figure 9: Execution with Llama-3.1-8B under initial high arrival
rates (1.6, 0.8, 0.4) for 32 adapters in the unpredictable regime.
(Left) Non-stationary arrival traces for randomly sampled adapters.
(Right) Comparison of running and waiting requests over time be-
tween the DT and the real system.

resulting arrival traces is shown in the left plot of Fig. 9.

We follow the same evaluation methodology as in the
predictable-arrival experiments, where the sampled arrival
rates only determine the initial values before applying the
described transformations. The resulting SMAPE values
are shown in the right part of Table 1. Overall, the DT ac-
curately reproduces system behavior under unpredictable
arrival patterns, achieving error levels comparable to those
observed for predictable workloads, albeit with a slightly
higher average error, which is expected given the increased
complexity of the scenario. The right plot of Fig. 9 illus-
trates the evolution of running and waiting requests over
time for both the DT and the real system in a specific sce-
nario. The close alignment between the two traces high-
lights the DT’s ability to replicate scheduler dynamics,
KV-cache allocation, adapter loading, and computation
latency under highly dynamic traffic conditions.
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8.3. ML modeling

Leveraging the DT for rapid data generation, we train
the proposed ML models over an extended and diverse set
of workload scenarios. Workloads are generated through
a Cartesian product of adapter sizes and arrival rates.
Instead of evaluating only a small number of predefined
sets, we construct all combinations of three values drawn
from the adapter-size set {8, 16,32} and the arrival-rate set
{3.2,1.6,0.8,0.4,0.1,0.05,0.025,0.0125,0.00625, 0.003125}.
For each workload configuration, we further vary both the
number of served adapters and the device configuration
parameter A,,,, within the range 8 to 384. This process
results in a large and heterogeneous training dataset
that captures a wide range of workload conditions. The
time required to generate the synthetic dataset and train
the ML is reported in Table 3. Both processes exhibit
execution times suitable for offline execution in production
environments. Notably, the execution times for Qwen are
higher, as the employed model variant is smaller than the
Llama counterpart, allowing a greater number of adapters
to be packed without incurring memory errors, resulting
in a larger training dataset and increased processing time.

Table 4 summarizes the prediction accuracy of the three
evaluated ML model types (KNN, RF, and SVM), eval-
uated against the same real-system executions employed
for the validation of the DT. Throughput prediction ac-
curacy is quantified using SMAPE, while starvation de-
tection performance is evaluated using macro-averaged F'1
score across all scenarios.

Overall, the ML models achieve high predictive fidelity,
particularly for starvation detection. Throughput predic-
tion errors remain below 8%, slightly higher than those
obtained using the DT, as expected given the additional
abstraction introduced by the learning process. Fig. 8
additionally reports throughput predictions produced by
the best-performing RF model, showing close agreement
with real-system measurements. Prediction latency, also
reported in Table 4, remains below 0.3 ms for all models
except SVM, representing a substantial improvement over
DT execution time.

Refinement phase: We further extend the ML learn-
ing phase with the refinement procedure described in Sec-



ML training time

Model DT dataset Through. Starvation
generation

Llama 6 hours 270 seconds 197 seconds

Qwen 9 hours 300 seconds 293 seconds

Table 3: Time required to generate the dataset used for training the
ML models with the DT when parallelized across 80 CPUs on a single
node, and time required to train the RF models for throughput and
starvation prediction (including hyperparameter search), which are
the ones mostly selected for online placement decisions.

Model Estimator Throughput Starvation
SMAPE Time F1 Time

(%)  (ms) (macro) (ms)

KNN 4.52  0.21 0.95 0.19

Llama RF 4.39 0.25 0.95 0.16
SVM 6.84 1.70 0.98 0.02

KNN 5.28 0.15 0.99 0.19

Qwen RF 5.28 0.21 0.99 0.22
SVM 7.46 2.24 0.93 0.05

Table 4: Final evaluation results of the proposed ML model across
the three model types and both LLMs. It evaluates throughput
estimation (with SMAPE) and starvation detection (with macro-
F1), and reports the average prediction time in milliseconds.

tion 6. Table 5 reports results for the original RF model,
the simplified shallow decision tree (Small Tree), and its
Numba-optimized implementation (Small Tree**).

The refinement process yields substantial improvements
in both inference efficiency and interpretability. The sim-
plified models use at most 32 decision rules, compared to
at least 3.79e3 in the baseline RF. Inference latency is re-
duced by over 69x for the shallow tree and up to 2120x for
the Numba-optimized implementation, achieving inference
times below 100 ns per prediction in some occasions. These
gains are obtained at the cost of reduced predictive accu-
racy. On average, throughput estimation exhibits a 6.74%
increase in SMAPE, while starvation detection experiences
a decrease of 0.025 in macro-F1 score. This trade-off re-
mains acceptable in scenarios where inference speed and
model interpretability are primary requirements.

Beyond performance improvements, the simplified mod-
els enable direct interpretability and extraction of action-
able insights. Appendix C presents the learned decision
trees for both starvation and throughput prediction. For
instance, we can extract that starvation is unlikely when
the aggregate incoming rate remains below 23.52 tokens/s,
and that excessively large A,,.. values, above 144, can
negatively impact overall system throughput.
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8.4. Caching decisions

We evaluate the proposed pipeline as a solution to the
adapter caching problem, with the greedy algorithm act-
ing as the final decision stage. We first analyze single-
GPU scenarios to demonstrate throughput maximization
and identification of the per-GPU optimal packing point
(Mazpeck). We then extend the analysis to distributed
settings with four GPUs, showing how consistently reach-
ing Maxpecr improves overall GPU efficiency. Finally,
we evaluate an alternative configuration of the pipeline in
which the optimization objective is shifted from resource
efficiency to latency minimization.

We derive the request arrival pattern from the 2025
Azure multimodal model inference trace [26], which con-
tains data collected between October 15th and 22nd, 2024.
For each subplot presented in this section, we randomly
sample a single day and a pair of consecutive hours from
the trace, and uniformly distribute requests across 1280
adapters. The placement algorithms are provided with the
average per-adapter arrival rate observed during the first
hour (i.e., modeled as Poisson process), and are tasked
with determining the optimal placement for the subse-
quent hour. Evaluation then replays the actual arrivals
from the second hour on a real LLM-adapter serving sys-
tem using the provided placements. We consider two set-
tings for adapter sizes: (i) sizes randomly drawn from {8,
16}, and (ii) sizes randomly drawn from {8, 16, 32}. This
distinction is important, as in the latter case S,,q; must
be set higher, significantly reducing the available memory
for serving incoming requests.

Baselines. We compare our approach against the two
most closely related methods:

o dLoRAProactive [37]: We use the original dLoRA
codebase to replicate its proactive adapter placement
strategy. Other components of dLoRA are excluded,
as they are orthogonal to the adapter placement prob-
lem considered in this work. When an adapter is repli-
cated across multiple GPUs, incoming requests are
randomly distributed among them. As in the orig-
inal implementation, A,,,, is set to the number of
adapters served per GPU, and no explicit constraint
is imposed on the maximum workload that can be
assigned to each GPU.

e LoRAServe [14]: As the official implementation is
not publicly available, we re-implement the method
based on the algorithmic description provided in the
paper. When adapters are replicated across multi-
ple GPUs, we use the output probabilities of their al-
gorithm to distribute incoming requests accordingly.
Since A,,qz 1S not specified, we set it to the num-
ber of adapters served per GPU, which is the most
straightforward choice. Consistent with their descrip-
tion, we use the maximum profiled throughput for a
single adapter as the upper bound on the workload
assignable to each GPU.



Model No. Throughput No. Starvation
rules SMAPE (%)  Time (ms) rules F1 (macro) Time (ms)
RF 7.13e6 4.39 0.25 4.44e4 0.95 0.16
Llama Small Tree 32 10.25 3.24e-3 16 0.92 3.25e-3
Small Tree** 32 10.25 1.13e-4 16 0.92 8.30e-5
RF 6.33e6 5.28 0.21 3.79¢3 0.99 0.22
Qwen Small Tree 16 12.89 2.52e-3 15 0.97 3.21e-3
Small Tree** 16 12.89 9.36e-5 15 0.97 10.5e-4

Table 5: Evaluation results of the ML models obtained by progressively simplifying the best-performing RF model into a shallow, interpretable
decision tree (Small Tree), and its Numba-optimized implementation (Small Tree**).
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Figure 10: (Top) Achieved throughput and (bottom) configured Aqz on a single-GPU system by our method and the two baselines, under
both adapter size settings and models. In the Qwen case, Azure arrivals are scaled by a factor of X100 to test a higher-load scenario. Each
curve is shown up to the point where the corresponding method deems the placement infeasible, or encounters starvation or memory errors.

Our approach, denoted as Proposed, combines the
caching greedy algorithm with the best-performing ML
models identified in Table 4, which are trained on DT data.
Models obtained after the refinement phase are also eval-
uated in the distributed setting, labeled as ProposedFast.

8.4.1. Maximizing per-GPU utilization

Figure 10 reports the throughput achieved and config-
ured A,,q; by the proposed placement of our method and
the baselines as the number of adapters to serve increases.
The left subplot show Llama under the two adapter size
settings, while the right subplot presents Qwen under the
same setup, with Azure trace arrivals scaled by x100 to
represent a higher-load scenario.

We observe two distinct regimes. First, under low ar-
rival rates (e.g., Llama in Figure 10a), GPU memory for
adapter weights becomes the primary bottleneck as the
number of adapters increases. Both baselines fail to prop-
erly control A,,q., producing placements that exceed the
available GPU memory for adapter weights and result in
memory errors. In contrast, our method initially allows
high parallelism, with A,,,, values close to the number
of served adapters, but progressively constrains it as the
number of adapters grows, particularly in the setting that
includes larger adapter sizes (i.e., 32). This prevents mem-
ory violations and enables serving over 500 adapters, com-
pared to fewer than 200 for the baselines, achieving more
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than 2x higher throughput.

The second regime arises under high arrival rates (e.g.,
Qwen in Figure 10b). In this setting, the main bottle-
neck shifts to the memory required for request KV values,
driven by the large number of concurrent requests. As
the number of adapters increases, insufficient KV capacity
leads to request starvation in both baselines. Our method,
however, detects such infeasible configurations and stops
before generating placements that would incur starvation.
Instead, it limits the per-GPU workload to the maximum
feasible throughput (Mazpecr), ensuring each GPU op-
erates within its capacity. Excess demand is deferred to
other GPUs, as discussed in the next section, thereby pre-
venting starvation while maximizing per-GPU utilization.

8.4.2. Efficient utilization of GPU resources

Figure 11 reports the number of GPUs utilized and the
achieved ITL for our approach and the two baselines in a
distributed setting with four GPUs. Results are presented
for both models and adapter settings under increasing ar-
rival load conditions (from x1 to x50), while scaling the
number of served adapters from 32 to 1280, following the
initial partitioning of the Azure trace.

The baseline methods exhibit memory errors, as they do
not properly adapt the A,,,, configuration to the workload
characteristics, consistent with the behavior previously ob-
served in Figure 10a. As a result, they are unable to scale



ProposedFast = —@— Proposed —#- dLoRAProactive --l-- LoRAServe X X Memory error

Arrivals x1 Arrivals x10
~ Sizes (8 & 16) Sizes (8, 16 & 32) — Sizes (8 & 16) Sizes (8, 16 & 32)
<& 4 - X - S ¥ - EX -
w3 o = w3 - 0
20 24 JINA N ] AT 2D 2 I o LDy
5 le—e—e— |lo—e—eo 5 le—e—o— o—0—o
251 9 75
—_ O —_ ,.-O""‘Q--»'\ )
2B oo "9 o g2E% A~ oo
= 15 R | ‘ | | =2 i | |
0 500 1000 0 500 1000 0 500 1000 0 500 1000
adapters to serve (#) adapters to serve (#) adapters to serve (#) adapters to serve (#)
(a) Llama (arrivals x1 and x10)
ProposedFast —@—Proposed —#-dLoRAProactive --‘M- LoRAServe Starvation X Memory error * Time error
Arrivals x25 Arrivals x50
- Sizes (8 & 16) Sizes (8, 16 & 32) - Sizes (8 & 16) Sizes (8, 16 & 32)
# 04 [ - - <% # 4 k- N — k- g w—
2 3 2% 3 1.\—0/0
8 2 e 0B 8D 2 o
5 1le—e™ — lle—o—e—" 5 1lle—e™ ‘ e—eo ‘
240 > 260
=Ry - =R -
T oM = 5 Lottt T o =i — W T T
0 500 1000 0 250 500 750 1000 0 500 1000 0 500 1000
adapters to serve (#) adapters to serve (#) adapters to serve (#) adapters to serve (#)

(b) Qwen (arrivals x25 and x50)

Figure 11: Number of GPUs required and ITL achieved by each method on a 4-GPU system, for both models under increasing arrival load
as the number of served adapters scales from 32 to 1280. Each curve is shown up to the point where the corresponding method deems the
placement infeasible or encounters starvation or memory errors. Time-limit failures for dLoRA occur when its placement algorithm does not
complete within the imposed timeout of two hours (while the scenario evaluation itself lasts one hour). These failures arise for large adapter
counts and model sizes, which may be consistent with the original work, where not evaluation was done beyond 128 adapters.

to higher adapter counts. In contrast, our method suc- thereby raising latency, consistent with Figure 4. Ulti-
cessfully serves a substantially larger number of adapters. mately, this trade-off depends on the desired optimization
For example, in the leftmost Llama subplot, it supports objective, in our case, the focus is on maximizing GPU ef-
up to 1280 adapters, whereas the baselines are limited to ficiency rather than minimizing latency (see the following
768. These limitations arise earlier for Llama (8B) than  section for a latency-oriented variant of our approach).
for Qwen (7B) due to the larger size of the former, which

results in a higher memory footprint per adapter.

The key observation is that our method leverages es-
timates of near-peak GPU utilization, previously seen in
Figure 10b, to maximize adapter packing per GPU. This
enables a significant reduction in the number of GPUs re-
quired to serve a given workload. While the baselines uti-
lize all available GPUs, our approach reduces GPU usage
by an average of 2.4 GPUs (60%) across the evaluated sce-
narios. For instance, in the rightmost Qwen configuration,
our method serves 256 and 768 adapters using only 2 and 3
GPUs (out of 4), respectively, while still serving the work-
load without starvation. An exception is observed in the
center-right Qwen configuration, where peak utilization is
underestimated, leading to incorrectly determining that
workloads beyond 768 adapters cannot be accommodated
within the available resources.

Finally, Table 6 reports the average execution time re-
quired to generate a placement. While the Proposed ap-
proach incurs higher computational overhead than the
baselines, its latency remains suitable for periodic allo-
cation updates. The ProposedFast variant, which incor-
porates a refinement phase in the underlying ML models,
achieves comparable execution cost to LoRAServe and is
approximately two orders of magnitude faster than dLo-
RA Proactive, with an average latency of 3—4 ms per place-
ment. Moreover, results in Figure 11 show that Proposed-
Fast maintains performance close to Proposed, delivering a
substantial improvement in GPU resource efficiency over
the baselines. However, this speedup comes at the cost
of less stable predictions, as illustrated by the left-center

These efficiency gains come at the cost of increased la- Qwen subplot, it may produce placements that incur star-
tency, as reflected in the ITL metric. This is expected, as vation, indicating a trade-off between model performance
higher adapter counts increase request load and batch size, and execution cost.
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Method time(s)

Llama Qwen
Proposed 1.590 1.785
ProposedFast 0.004 0.004
LoRAServe 0.003 0.004
dLoRAProactive 0.654 1.013

Table 6: Average execution time per placement for the baselines and
the two variants of our method, Proposed and ProposedFast, in the
distributed scenario.

8.4.3. Latency oriented

To assess whether the proposed pipeline can be adapted
to alternative objectives beyond GPU efficiency, we im-
plement a proof-of-concept variant targeting latency mini-
mization. This prototype, denoted ProposedLat, reuses the
learned ML models but replaces the throughput-oriented
greedy algorithm with a latency-oriented heuristic. Specif-
ically, it assigns adapters sequentially to the GPU with
the lowest aggregated arrival rate and configures A,,q. as
the number of adapters served on each GPU. After all
adapters are assigned, the resulting allocation is validated
using the learned ML models. Allocations predicted to
yield a throughput lower than the incoming token rate,
or to incur memory errors, are deemed infeasible. Fig. 12
presents its results alongside the two baselines, for two in-
stances from the preceding evaluations.

As shown, ProposedLat achieves latency comparable to
the baselines as it also utilizes all available GPUs by de-
sign. The key distinction lies in the integration of the
learned ML models, which enables to avoid infeasible allo-
cations that lead to memory errors (left) or request star-
vation (right). This makes ProposedLat more suitable for
production environments and highlights the practical value
of the proposed contributions beyond maximizing GPU
efficiency. Notably, ProposedLat employs a simple A,,qz
configuration, which could be further improved as in the
default Proposed strategy.

9. Discussion

Our evaluation demonstrates that the proposed pipeline
significantly enhances GPU efficiency in distributed LLM-
adapter serving systems, achieving an average reduction of
60% in the number of required GPUs compared to base-
lines (Fig. 11). This improvement stems from systemati-
cally identifying the Maxpqcr operating point and the cor-
responding A,,q, configuration that maximize per-GPU
throughput while avoiding starvation and memory errors
(Fig. 10). Consequently, the system can serve the tar-
get workloads using a reduced subset of devices, thereby
freeing the remaining GPUs for additional tasks or poten-
tial energy savings. The online computation time of the
pipeline, reported in Table 6, meets the requirements of
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Figure 12: ITL obtained for two instances from the previous evalu-
ations, comparing the latency-oriented variant ProposedLat against
the two baselines. Specifically, (left) Llama with arrivals scaled by
x10 and adapter sizes 8 and 16 in the distributed scenario; and
(right) Qwen with arrivals scaled by x100 and adapter sizes 8, 16,
and 32 in the single-GPU scenario.

periodic reconfiguration under predictable workload con-
ditions. Furthermore, the optimized variant, Proposed-
Fast, refines the underlying machine learning models into
shallow, interpretable decision trees, reducing execution
time by several orders of magnitude while enhancing trans-
parency in the decision-making process. This efficiency
gain is achieved at the cost of a slight increase in alloca-
tion instability, a trade-off that is acceptable in scenarios
where rapid placement estimation is prioritized over pre-
dictive accuracy.

As anticipated, increasing per-GPU packing leads to
higher latency compared to baseline approaches, primarily
due to larger effective batch sizes. Nevertheless, we fur-
ther evaluate a latency-oriented variant of the proposed
pipeline, ProposedLat that achieves latency comparable
to baseline methods while maintaining robustness against
starvation and memory errors. These results indicate that
the proposed pipeline can also be beneficial for alternative
optimization objectives beyond resource efficiency.

Aside its role in the proposed pipeline, the DT con-
stitutes an additional contribution. To the best of our
knowledge, it is the first digital twin specifically tailored
to LLM-adapter serving. As shown in Table 1 and Figs. 8
and 9, it closely reproduces real-system performance, par-
ticularly throughput, across both predictable and unpre-
dictable workloads, while operating significantly faster and
at substantially lower computational cost (Table 2). This
enables not only rapid synthetic dataset generation, but
also broader applications such as scheduling optimization
and server configuration exploration.

Finally, Section 5.1 provided an in-depth characteri-
zation of LLM-adapter serving behavior, detailing the
impact of the four principal overheads introduced by
adapters. Beyond being the basis for the design and im-
plementation of the proposed DT, this analysis offers inde-
pendent value by exposing key system-level relationships,
such as the connection between the adapter memory foot-
print overhead and the throughput plateau.



9.1. Limitations and future work

Even though the evaluation is conducted using the
ShareGPT dataset, which exhibits a heterogeneous dis-
tribution of input and output sequence lengths, reliance
on a single dataset limits the generalization of the results
to workloads with substantially different length charac-
teristics. Future work will extend dataset generation to
encompass a broader range of sequence-length distribu-
tions, enabling the placement strategy to better generalize
to more diverse and heterogeneous serving conditions.

Additionally, an important direction for future research
is the study of online retraining mechanisms for both the
DT and the associated ML models, allowing the system to
dynamically adapt to evolving workload patterns observed
in production traces. Finally, we will investigate the un-
derlying causes of the sole exception in which the Proposed
method exhibits overly conservative behavior (right-center
subplot of Qwen in Fig. 11), classifying certain workloads
as infeasible despite being successfully served by the base-
lines. This limitation is likely attributable to gaps in the
training data generated by the DT, which should be ex-
panded. In particular, the initial evaluation of this work
tested exclusively on Poisson arrival processes and did not
account for the Azure trace characteristics considered in
the current evaluation.

10. Conclusions

We presented a data-driven pipeline to address the
adapter caching problem, improving GPU efficiency in
distributed LLM-adapter serving through workload-aware
adapter placement. We evaluated the approach under het-
erogeneous and diverse workloads against state-of-the-art
baselines. The results demonstrate that the pipeline effec-
tively maximizes per-GPU throughput while minimizing
the number of GPUs required to serve the target work-
loads, without incurring starvation or memory errors. The
pipeline can be integrated into production systems to peri-
odically update placements for predictable workload pat-
terns, reducing the amount of needed hardware. The freed
GPUs can be reassigned to other workloads to improve
overall system efficiency or powered down to reduce en-
ergy consumption. Central to this approach is a Digital
Twin for LLM-adapter serving, which closely reproduces
real-system performance at low cost, enabling efficient ML
training with performance data and supporting additional
optimization tasks beyond this work.
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Appendix A. S-LoRA

We include a brief analysis using the S-LoRA frame-
work [31] to show that the adapter caching problem is not
specific to vLLM and also arises in other serving systems.
Fig. A.13 reports the Maxpacr point in S-LoRA across
different arrival rates, for a fixed adapter size and request-
length distribution, following the same methodology as
the middle plot of Fig. 1 for vLLM. Notably, throughput
degradation plateaus as the number of adapters increases,
whereas vLLM exhibits a more pronounced decline, high-
lighting the impact of S-LoRA’s design choices. Neverthe-
less, identifying Maxpqcr, Temains necessary to determine
how many adapters can be allocated per GPU without
triggering starvation, and the throughput level at which
Mazpecr occurs still varies across workloads, with addi-
tional variability expected when changing adapter sizes
and request-length distributions.
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Figure A.13: Throughput of S-LoRA on Llama-2-7B under vary-
ing adapter arrival rates, using 32-sized adapters and fixed request
lengths (250 input tokens, 231 output tokens).

Appendix B. ML hyperparameter search space

Hyperparameter optimization in the ML learning phase
is performed using HalvingGridSearchCV with 5-fold
cross-validation. Distinct search spaces are defined for the
two tasks, throughput regression and starvation classifi-
cation, using the corresponding scikit-learn model classes.
The evaluated values for each search are listed below.



Throughput (Regression). a) Random Forest
(RandomForestRegressor): n_estimators {32,128,256},
max_depth {None,5,10,20}, min_samples_split
{2,5,10,20}, criterion {squared _error, abso-
lute error, friedman mse, poisson}, min_samples_leaf
{1,2,5,10,32,128}, max_features {auto,sqrt,log2}. b)
SVM (SVR): C {0.1,1,10,100,1000,10000}, kernel {lin-

ear,poly,rbf,sigmoid}, epsilon {0.1,0.5,1,5}, degree
{2,3,4,5}, gamma {scale,auto,0.01,0.1,1,10},  coef0
{0,0.1,0.5,1}. c¢) KNN (KNeighborsRegressor): p

{1,2}, with fixed n_neighbors=1,
weights=uniform, algorithm=kd tree.
Starvation (Classification). a)

leaf_size=S8,

Random For-

est  (RandomForestClassifier): n_estimators
{32,128,256}, max_depth {None,5,10,20},
min_samples_split {2,5,10,20}, criterion

{gini,entropy,log loss}, min_samples_leaf
{1,2,5,10,32,128}, max_features  {None,sqrt,log2}.
b) SVM (svc): ¢ {0.1,1,10,100,1000,10000}, kernel
{linear,poly,rbf,sigmoid}, degree {2,3.4,5}, gamma
{scale,aut0,0.01,0.1,1,10}, coef0 {0,0.1,0.5,1}. c)
KNN (KNeighborsClassifier): p {1,2}, with fixed
n_neighbors=1, leaf_size=S8, weights=uniform,
algorithm=kd tree.

Appendix C. Derived lightweight tree estimators

Fig. C.14 depicts two of the shallow trees resulting from
the refinement phase described in Section 6.
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