
xLoRA: Faster and Cheaper LoRA LLM Serving with Serverless Computing

Abstract
Serverless computing has grown rapidly for serving Large
Language Model (LLM) inference due to its pay-as-you-go
pricing, fine-grained GPU usage, and rapid scaling. However,
our analysis reveals that current serverless platforms can ef-
fectively serve general LLM but fail to efficiently handle
Low-Rank Adaptation (LoRA) inference due to three key lim-
itations: 1) massive parameter redundancy among functions
where 99% of weights are unnecessarily duplicated, 2) costly
artifact loading latency beyond LLM loading, and 3) magni-
fied resource contention when serving multiple LoRA LLMs.
These inefficiencies lead to massive GPU wastage, increased
Time-To-First-Token (TTFT), and high monetary costs.

We propose xLoRA, a novel serverless inference system
designed for faster and cheaper LoRA LLM serving. xLoRA
enables secure backbone LLM sharing across isolated LoRA
functions to reduce redundancy. We design a pre-loading
method that pre-loads comprehensive LoRA artifacts to
minimize cold-start latency. Furthermore, xLoRA employs
contention-aware batching and offloading to mitigate GPU
resource conflicts during bursty workloads. Experiments on
industrial workloads demonstrate that xLoRA reduces TTFT
by up to 86% and cuts monetary costs by up to 89% compared
to state-of-the-art LLM inference solutions.

1 Introduction

large language models (LLMs) have rapidly become the com-
putation engine behind AI products. Two complementary
patterns now dominate LLM inference. The first involves
directly using pre-trained models such as Llama [55] and
Qwen [44], while the second fine-tunes the pre-trained LLM
for specific domains or tasks. In this scenario, Low-Rank
Adaptation (LoRA) has emerged as the dominant fine-tuning
technique due to its efficiency, enabling users to inject all
task-specific knowledge into a lightweight adapter without
retraining the full model.

Serving LLMs at scale is challenging due to stringent re-
sponse time requirements and high GPU costs. Users expect

sub-second response time for the first token, while even a
7B LLM already saturates an entire NVIDIA A10 during
inference. Furthermore, providers face the complex task of
hosting numerous LLM versions to accommodate a wide
range of users and applications. For example, major cloud
services are required to maintain a catalog of foundational
LLMs alongside thousands of fine-tuned variations to meet di-
verse customer needs [8, 49]. Maintaining numerous models
on long-running GPU instances results in substantial resource
and monetary costs.

To alleviate these issues, serverless inference has emerged
as a promising paradigm. Serverless platforms offer pay-as-
you-go pricing, fine-grained GPU usage, and flexible archi-
tectures to support multiple LLMs with rapid scaling capa-
bilities to handle varying workloads. Many serverless LLM
inference solutions leverage these benefits, including Amazon
Bedrock [8], NVIDIA DGX [15], and ServerlessLLM [20].

However, we observed that existing serverless solutions fail
to effectively serve LoRA-based LLMs due to overlooking
LoRA’s unique characteristics.

Observation 1: Backbone redundancy among LoRAs.
Mainstream serverless platforms isolate each function with
independent execution environments and CUDA contexts,
preventing cross-function memory sharing [7, 38]. This forces
identical backbone LLM1 weights to be repeatedly loaded per
function instance, even though LoRA adapters modify less
than 1% of parameters [11, 58], making over 99% of loaded
weights redundant across LoRA functions.

Observation 2: LoRA introduces costly artifacts2 load-
ing latency. While existing serverless LLM solutions [20, 33,
62] have focused on accelerating the loading of the backbone
checkpoint (from RAM, SSD, or remote storage), they over-
look the substantial overhead from other essential artifacts. As
we demonstrate in Fig. 1, the time required to load libraries,
LoRA adapters, and just-in-time (JIT) compiled CUDA ker-

1We use “backbone” to refer to the base LLM.
2In this paper, an artifact is any component that must be loaded for the

function to execute, including the LoRA adapter, dependent software libraries,
and just-in-time (JIT) compiled CUDA kernels.
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Figure 1: Time breakdown of a LoRA LLM inference
with serverless computing.

nels can actually exceed the latency of loading the backbone
checkpoint itself. For generating 100 tokens on NVIDIA L40S
GPU, the overall loading latency exceeds LLM inference by
over 10×.

Observation 3: Serving multi-LoRA magnifies resource
contention. Serverless isolation forces each function to run
in an independent CUDA context, requiring separate fetches
of model parameters from GPU global memory to Streaming
Multiprocessors (SM). In the common scenario where mul-
tiple LoRA functions execute concurrently [36, 66], these
parallel transfers saturate the GPU’s internal memory bus,
causing contention that dramatically increases Time-To-First-
Token (TTFT) and violates service level objective (SLO).

These observations motivate our goal: a cheaper, faster,
and more flexible serverless LoRA inference system. Con-
cretely, we aim to 1) enable LoRA functions to share the
99%-dominant backbone in GPU memory to cut resource and
monetary costs, 2) minimize cold-start latency by pre-loading
LoRA artifacts, and 3) support multiple backbones and LoRA
adapters simultaneously.

However, achieving these goals introduces fundamental
challenges: First, the strict isolation of serverless functions
hinders the secure and efficient sharing of a single backbone
model across their boundaries—a challenge that current back-
bone sharing solutions [11, 49, 58] cannot address. Second,
although pre-loading is critical for achieving low latency, its
high memory demand limits GPU availability for maximizing
pre-loading acceleration. Third, concurrent functions on a
single GPU compete for shared resources, creating a critical
trade-off: low concurrency under-utilizes the GPU, while high
concurrency causes interference.

To address these challenges, we present xLoRA, a cost-
efficient serverless inference system designed for LoRA LLM
serving. First, xLoRA introduces a decoupled architecture
that places the backbone in a secure, shared environment. It
allows multiple isolated LoRA functions to access it, thus
preserving security while enabling massive memory savings.
Second, xLoRA employs an opportunistic pre-loading policy
that strategically pre-loads artifacts to minimize cold-start
latency. By pre-loading these artifacts on idle instances al-
ready provisioned by the serverless provider, it maximizes
acceleration without extra memory overheads. Third, xLoRA
implements contention-aware batching to maximize GPU
utilization while managing interference. This dual strategy

increases batch sizes within functions for efficiency while
limiting concurrent function execution to prevent contention
and ensure SLO compliance.

We summarize xLoRA’s contributions as follows:
• We observed that serverless LoRA inference suffers from

exclusive GPU occupation and excessive cold-start la-
tency, leading to significantly high monetary costs and
increased TTFT.

• We design xLoRA, a novel serverless framework that
makes LoRA inference faster and cheaper. Leveraging
backbone sharing and extended pre-loading of LoRA
artifacts, xLoRA substantially reduces GPU consumption
and cold-start latency.

• We thoroughly evaluate xLoRA on industrial workloads
and benchmark LLMs. Extensive experiments show re-
ductions of up to 86% TTFT and 89% in monetary costs,
compared to state-of-the-art solutions.

2 Background and Motivation

2.1 Serverless for LLM Inference
Serverless computing is an increasingly compelling paradigm
for deploying LLM inference services, and its effectiveness
has been demonstrated by major cloud providers like AWS
and NVIDIA who use it to serve LLMs at scale [8, 15]. The
paradigm is function-centric: user code is executed in indepen-
dent, sandboxed processes (e.g., containers or microVMs [2])
to ensure security and isolation in a multi-tenant environment.
When applied to LLM inference, the lifecycle begins with
a significant initialization phase. The system must first pro-
vision a container, load libraries like PyTorch, transfer the
large model parameters to GPU memory, and compile the
necessary CUDA kernels. Only after this entire “cold-start”
sequence is complete can the function begin processing infer-
ence requests.

This serverless model offers significant advantages in effi-
ciency and elasticity over traditional serverful3 deployments
such as vLLM [28]:

First, it provides superior cost and GPU efficiency.
The pay-per-use model eliminates charges for idle GPUs
during periods of low traffic, which is common for work-
loads with variable request arrivals. We adopt the cost-
effectiveness metric from existing studies [26, 54, 56], defined
as 1/(E2E_latency×Cost), to jointly consider both latency
and monetary cost. Our evaluation in Fig.2a shows that when
serving a Llama2-7B model, serverless solutions [20, 53] are
3× more cost-effective than serverful counterparts [28, 58].

Second, serverless delivers superior elasticity. LLM in-
ference workloads often face dramatic load fluctuations, with
traffic peaks reaching 34.6× higher than valleys [52]. Un-
like serverful systems that typically scale on a minute-level,

3We use “serverful” to refer to VM-based long-running serving.
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Figure 2: Cost-effectiveness of serverless and serverful
solutions (we set vLLM as baseline).

serverless platforms can scale within seconds to absorb sud-
den bursts, thereby ensuring consistent performance under
highly dynamic conditions.

2.2 Low-Rank Adaptation (LoRA)
While serverless computing offers advantages for general
LLM inference, real-world applications rarely rely on general-
purpose models. Organizations typically deploy multiple spe-
cialized models fine-tuned for specific domains, tasks, or user
segments. LoRA has become the predominant fine-tuning
method due to its parameter efficiency, allowing practition-
ers to create specialized models without retraining the entire
backbone LLM. Based on the observation that weight updates
have low intrinsic dimensionality, LoRA freezes pre-trained
weights (backbone model) and injects trainable low-rank ma-
trices, reducing parameters by factors of 10,000 while main-
taining performance.

For a pre-trained weight matrix W ∈ Rh×d , LoRA intro-
duces matrices A ∈ Rh×r and B ∈ Rr×d where r ≪ min(h,d).
The updated weight becomes W ′ =W +AB, transforming the
forward pass from h = xW to:

h = x(W +AB) = xW + xAB,

which combines the frozen base model output (xW ) with the
trainable adapter output (xAB). Due to the decoupling of back-
bone and LoRA parameters, the inference can be losslessly
operated by separately calculating the attention of the back-
bone and LoRA adapter, and finally gathering their results as
the final output.

2.3 Serverless’ Limitation for LoRA Inference
Massive GPU wastage due to backbone redundancy. Our
observations reveal that existing serverless platforms require
each function to load the entire backbone LLM independently,
despite sharing the same underlying model. This redundancy
manifests in excessive GPU consumption and elevated mon-
etary costs. Since even a 7B parameter LLM consumes an
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Figure 3: LoRA inference function invocations’ time
breakdown.
entire NVIDIA A10 GPU during inference, and the back-
bone accounts for up to 99% of an LLM’s parameters, this
results in substantial wasted GPU resources. The problem
is exacerbated by serverless platforms’ keep-alive policies,
which maintain each invoked function for several minutes
after execution to mitigate cold-starts. In the LoRA scenario,
each function’s complete LLM occupies expensive GPU re-
sources during idle periods, multiplying costs unnecessarily.
Given that GPU costs constitute approximately 90% of an
invocation’s total monetary expense4, this inefficient resource
utilization translates directly to significantly higher opera-
tional costs. As Fig. 2b shows, when serving four LoRA func-
tions fine-tuned on Llama2-7B LLM, serverless solutions’
cost-effectiveness decreases significantly due to massive re-
dundancy.

Heavy cold-start latency due to artifacts loading. Load-
ing a backbone LLM with billions of parameters takes several
seconds per function. Since each function independently loads
the identical backbone, aggregate cold-start latency increases
linearly with the number of LoRA functions. Furthermore,
current serverless inference also overlooks initialization de-
lays, including loading necessary libraries and LoRA adapters,
and compiling CUDA kernels. These prolonged startup times
prevent fast scaling and make it challenging to serve bursty
workloads effectively.

We visualize E2E latency breakdown for three Llama2-13B
LoRA functions using the Azure Trace in Fig. 3. Both InstaIn-
fer and ServerlessLLM show high cold-start latency from
repeated backbone and LoRA loading. Despite Serverless-
LLM’s improvements in backbone loading, cold-start latency
remains substantial.

Loss of serverless isolation guarantees due to back-
bone sharing. Solutions like Punica [11], S-LoRA [49], and
dLoRA [58] address efficiency by sharing a single backbone

4Based on the Alibaba Cloud serverless pricing model [13].
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but demolish the isolation that defines the serverless paradigm.
Their single-process architecture breaks serverless’s multi-
tenancy guarantees: Its globally shared data breaks security
isolation, creating vulnerabilities for sensitive data to leak
between tenants. It also breaks fault isolation, as a single mis-
behaving tenant can crash the entire system. Finally, it breaks
performance isolation by introducing the “noisy neighbor”
problem, where one user degrades service for all others.

2.4 Motivating Backbone Sharing and Pre-
loading

Our analysis reveals two key insights. First, significant cost
and latency arise from deploying a full LLM model for each
LoRA function, even when they share the same backbone.
This motivates our first approach: enabling backbone sharing
across multiple function instances to reduce GPU usage, de-
ployment cost, and model loading time. When serving eight
Llama-13B functions, backbone sharing can reduce up to
86% GPU usage and 79% monetary cost while reducing 42%
cold-start latency. Second, we note that loading LLM artifacts
accounts for over 90% of the startup time. To mitigate this
bottleneck, our approach is to pre-load these artifacts prior
to function invocation, which reduces startup latency and im-
proves throughput under bursty workloads. With the artifacts
already loaded when a request arrives, the system can proceed
directly to inference, accelerating the TTFT by over 16.8×.

2.5 Opportunity of Backbone Sharing and Pre-
Loading

Opportunity for backbone sharing: Backbone sharing is
both feasible and beneficial for two reasons. First, the num-
ber of LoRA-adapted models significantly exceeds backbone
LLMs in practical deployments. For example, the Llama2
family has generated 11,258 LoRA adapters, indicating many
functions can share the same backbone. Second, the infer-
ence calculation for the backbone and LoRA adapter can be
performed separately and added up together, ensuring that
the sharing does not compromise the inference accuracy of
individual functions. This unmerged calculation of backbone
and adapter does not affect any inference result and has been
applied in current solutions [11, 49, 58].

Opportunity for pre-loading: In current serverless plat-
forms, maintaining idle instances (including container and
GPU) in advance for serving future requests is common to
mitigate cold-starts [10, 21, 32, 39, 46, 48, 51]. To deal with
bursty workload, functions are allocated with enough mem-
ory to serve the peak workload (large concurrency). Thus,
there is a huge gap between a function instance’s idle and
busy state [22, 45, 48, 61, 65, 68]. We observe that loading
all artifacts (excluding the backbone) accounts for only 20%
of the allocated memory. This large memory gap between

the running and idle states provides a “free-lunch” opportu-
nity: functions’ artifacts can be pre-loaded into existing idle
instances created by the platform, rather than requiring the
creation of new instances.

3 xLoRA: A Bird’s-Eye View

3.1 Goals & Challenges
xLoRA aims to achieve three goals:

Minimal TTFT Latency. Reduce startup latency from
both container initialization and LLM artifact loading.

Minimal Resource and Monetary Cost. As serverless
providers charge based on both resource usage and execution
time, xLoRA should minimize both to lower overall cost.

High Scalability. Under bursty workloads, xLoRA should
launch new functions promptly without violating SLOs.

To meet our goals, we must address three tough challenges:
How to reduce the function startup latency while guar-

anteeing isolation and security? To satisfy the isolation
standard of serverless, each function should run in an inde-
pendent process, operating inference using its own computing
resource and managing KV cache and other intermediate data
in its own memory stack. It’s challenging to share the back-
bone LLM under strict isolation requirements.

How to achieve maximal acceleration performance with
limited GPU resources? The backbone LLM, adapters, and
user libraries all consume significant memory. To optimize
performance, we must carefully decide which components of
which functions should be pre-loaded into the high-value GPU
memory, and which can reside in the less valuable container
memory.

How to achieve fast scale-up under bursty workloads?
As the initialization of LLM functions is heavy, during bursty
workloads, we should offload unrelated pre-loaded artifacts
from GPUs to make room for future requests. To further accel-
erate function initialization, function instances should reside
on GPUs that have already loaded corresponding backbone
LLMs for locality awareness.

3.2 xLoRA’s System Architecture
We introduce the architecture of xLoRA, a model-sharing
based serverless LLM inference system aiming to minimize
startup latency and achieve high scalability under minimal
resource and monetary cost. We design a secure LLM sharing
mechanism that allows functions to share the backbone LLM
safely. To ensure the model sharing mechanism can achieve
the above goals, xLoRA contains four components: The Pre-
Loading Scheduler, the Batching Scheduler, the Pre-Loading
Agent, and the Dynamic Offloader.

Pre-Loading Scheduler determines which artifacts of
which function should be pre-loaded in each container and
GPU. Specifically, a function’s libraries should be pre-loaded
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Figure 4: System overview.

in container memory, the CUDA runtime and kernels must be
pre-loaded in GPU memory, and the model can be pre-loaded
in either. Therefore, it’s essential to determine the optimal
pre-loading decision under limited resources.

Batching Scheduler determines the batch size and queuing
time of each function. It aims at fully utilizing GPU resources
to maximize throughput under the function’s SLO.

The Pre-Loading Agent runs in each worker node. It re-
ceives the pre-loading decision from the Pre-Loading Sched-
uler and sends the corresponding command to each container
and GPU. Furthermore, it manages the access of LoRA func-
tions to the backbone.

The Dynamic Offloader detects whether a GPU has
enough remaining space for serving the arriving requests.
When bursty requests arrive, it offloads unrelated functions’
artifacts to container memory or totally removes them, until
there is enough space to serve all requests.

3.3 System Workflow

Pre-loading Decision and Execution (Steps 1-3): The Pre-
Loading Scheduler analyzes resource availability and function
request frequency to make optimal loading decisions. This is
a complex task where the scheduler must decide whether to
fully load a function into GPU memory for minimal latency or
place it in container memory for balanced performance. Fol-

lowing this decision, the system loads the required libraries,
models, and CUDA kernels into the designated memory loca-
tions.

Request Batching (Steps 4-6): When a request arrives, the
scheduler selects the most suitable function instance based on
its pre-loaded components. Concurrently, a Batching Sched-
uler gathers incoming requests for each function. Managing
these batches to optimize throughput by balancing batch size
against latency is a significant challenge. Once the batch size
is reached or the batching timeout occurs, requests are sent to
the chosen instance.

Dynamic GPU Memory Management (Step 7): Run-
ning in parallel to request handling is the GPU memory man-
agement. The Dynamic Offloader constantly monitors the
GPU’s available capacity. As the GPU memory fills, the Of-
floader must intelligently identify and move the models of
non-invoked functions to container memory or clear their
CUDA contexts, freeing up space for active requests without
degrading pre-loading hit rate.

4 xLoRA’s Design

4.1 LLM Artifacts Pre-loading

To achieve maximum acceleration performance with minimal
resource wastage, we design two principles for pre-loading:
1) LLM artifacts are only pre-loaded in existing idle container
and GPU instances. We never proactively create new instances
for pre-loading. 2) To deal with peak workload, serverless
functions are usually over-allocated with more resources than
pre-loading its own artifacts [18, 22, 45, 48, 61, 65, 68]. Thus,
we share the container among multiple functions in the pre-
loading stage.

xLoRA manages four types of LLM artifacts: libraries, back-
bone models, LoRA adapters, and CUDA kernels. Since these
artifacts must be loaded in sequence (e.g., loading CUDA
kernels requires libraries and container components), we ap-
proach pre-loading as a Precedence-Constrained Knapsack
Problem (PCKP).

In our formulation, we aim to pre-load serverless functions
(F) within idle containers (C) and GPUs (G). Each function’s
each artifact (i) specific memory requirements(w f

i ) and offers
potential pre-loading benefit(v f

i ), which is calculated as the
product of loading delay and the predicted request arrival rate.
Our objective is to maximize the cumulative performance
benefit while respecting memory constraints.

As the container and GPU cannot hold all artifacts, our
optimization objective is to maximize the cumulative perfor-
mance benefit derived from pre-loading LLM artifacts. Since
libraries can only be pre-loaded on containers, CUDA kernels
on GPUs, and backbones and adapters on both, we compre-
hensively consider the benefits of pre-loading artifacts on
container and GPU. We formulate this as:
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max ∑
f∈F

∑
i∈A f

[
∑
c∈C

v f
i x f c

i + ∑
g∈G

v f
i x f g

i

]
, (1)

where x is a binary that represents whether this artifact is
pre-loaded.

The pre-loading decisions are guided by three constraints:
1) Capacity constraints: limit memory usage in containers
and GPUs. 2) Loading order precedence constraints: libraries
before models, models before CUDA kernels. 3) Backbone-
adapter coupling constraints: adapter and its backbone LLM
must be placed on the same GPU. As PCKP is NP-hard [42],
finding optimal solutions requires exponential time, making it
impractical for serverless environments requiring millisecond-
scale scheduling.

Therefore, we employ a greedy heuristic that sorts artifacts
by their value density ρ

f
i = v f

i /w f
i and iteratively pre-loads

them while respecting constraints. Formally, at each step k,
we select the best combination of artifact i, function f , and
target container & GPU t:

(i∗, f ∗, t∗) = arg max
(i, f ,t)∈Fk

ρ
f
i (2)

where Fk denotes the set of feasible artifact-location pairs
at step k that satisfy all constraints.

Our greedy approach reduces the complexity from exponen-
tial O(2F(|C|+|G|)) to polynomial O(|F |2 · (|C|+ |G|)), mak-
ing it practical for large-scale deployments. Our evaluation
in Sec. 5.12 demonstrates that it delivers near-optimal pre-
loading decisions while meeting serverless latency require-
ments.

4.2 Adaptive Batching

To improve throughput and reduce cold-starts, xLoRA batches
requests into pre-loaded function instances, allowing multiple
requests to benefit from the same LLM artifacts and further
reducing cold-starts. However, serverless environments intro-
duce a critical challenge: each function runs in an isolated
CUDA context. Consequently, each must independently fetch
model parameters from the GPU’s global memory to SM for
computation. When multiple functions run concurrently, these
redundant data transfers saturate the GPU’s internal memory
bus, creating a severe I/O bottleneck. This causes destruc-
tive interference, where each additional concurrent function
significantly slows down all others.

To address this, xLoRA adopts a dual strategy: maximize
batch sizes within functions to amortize loading costs, while
minimizing concurrent function execution to prevent I/O con-
tention. Large intra-function batches improve GPU utilization,
but excessive inter-function concurrency overwhelms mem-
ory bandwidth and violates SLOs. We formulate a two-layer
batching approach that balances high per-function throughput

with system-wide I/O constraint management to ensure SLO
compliance.

At the local level, each function i implements fill-or-expire
batching. Due to the computationally intensive pre-filling
stage, TTFT increases linearly with batch size:

Ti(b) = T0,i +αi(b−1), (3)

where T0,i is the base inference time for the first token and αi
is the marginal cost per additional request. Through offline
profiling, we determine the maximum batch size Bi within the
SLO. The system calculates maximum batch delay based on
current batch number Ni:

di = SLOi −Ti(Ni). (4)

Batching stops when either Ni requests are collected or de-
lay di expires. This design ensures SLO compliance while
allowing longer wait times for smaller batches to better utilize
pre-loaded artifacts.

At the global level, the Batching Scheduler manages re-
source contention when multiple batches compete for GPU
resources. With M concurrent batches on a shared GPU, in-
ference time expands to:

T eff
i (b) = M ·Ti(b). (5)

The scheduler prioritizes batches by their deadline margin:

∆i = SLOi − (wi +M ·Ti(b)), (6)

where wi is time already spent waiting. Batches with smaller
margins receive priority, while those with larger margins can
wait longer to accumulate more requests.

4.3 Dynamic GPU Offloading
Adaptive batching enables each function instance to handle
up to a maximum batch size while maintaining minimal TTFT.
However, reaching this capacity requires sufficient GPU mem-
ory for KV caches.

Pre-loaded artifacts consume significant GPU memory
even when their functions are idle. During burst periods, when
functions must serve many concurrent requests, these unused
artifacts limit available memory for KV caches, preventing
functions from reaching maximum batch size.

Therefore, we propose the Dynamic Offloader to remove
unrelated LLM artifacts from GPUs, ensuring invoked func-
tions have sufficient memory for maximum batching.

Offloading Policy Design. Our policy minimizes perfor-
mance degradation by removing the least valuable artifacts.
We formulate this as a value-optimization problem. When
GPU g requires Qg additional memory:

∑
i∈Ig

wi · xi ≥ Qg (7)
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The objective minimizes performance loss:

min ∑
i∈Ig

vi · xi (8)

where xi ∈ 0,1 indicates whether to offload artifact i, vi
represents its performance value, wi its memory footprint,
and Ig the artifacts on GPU g. Each function has two artifacts:
adapter model and CUDA contexts.

Since this problem is NP-hard and shares similar con-
straints with pre-loading, we employ the same greedy algo-
rithm based on artifact value density. This policy executes in
microseconds, enabling rapid offloading decisions.

4.4 Backbone LLM Sharing

Existing methods for sharing a backbone LLM [11, 49, 58]
are incompatible with the serverless paradigm, which requires
strict process and resource isolation for security and billing.
These methods bundle the backbone and LoRA adapters into
a single process, which serverless architecture forbids.

To solve this, our approach decouples the static backbone
model from dynamic inference components. As Fig. 5 shows,
a dedicated backbone function loads the LLM’s tensors onto a
GPU and exposes them via CUDA Inter-Process Communica-
tion (IPC) handles. This allows multiple, independent LoRA
functions to access the shared backbone tensors with zero
memory duplication. Each LoRA function then initializes an
empty, structure-only backbone model and maps its tensors
to this shared memory region using the IPC handles. This
gives the runtime the necessary model structure and CUDA
computing graph without duplicating the backbone weights.

With this design, each function executes inference com-
putations independently using its own allocated resources,
preserving the isolation and security guarantees of serverless
computing. This memory-efficient approach allows a single
GPU to host hundreds of LoRA functions simultaneously.
To ensure the shared backbone remains read-only, the sys-
tem calculates backbone and adapter outputs separately and
combines the results. Finally, a fault-tolerance mechanism
ensures continuity. If a backbone function fails, the system
automatically redirects all dependent LoRA functions to a
healthy backup, minimizing downtime.

4.5 Security and Privacy

Backbone sharing security guarantee. To secure the shared
backbone from unauthorized access and weight tampering
across untrusted functions, we implement two mechanisms. 1)
Ephemeral IPC handler transfer. We transfer CUDA IPC han-
dles via ephemeral Unix domain sockets using SCM_RIGHTS,
not persistent files. After a one-shot transfer, the server closes
the descriptor and connection, blocking replays and enumera-
tion. File-system permissions on the socket path gate access,
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Figure 5: Backbone LLM sharing among functions.

and this capability-passing design is proven in secure file-
transfer systems [1, 47, 57]. 2) Read-only memory protection.
We enforce hardware read-only access to shared tensors via
CUDA virtual memory. The server maps with PROT_READ;
clients receive driver-enforced read-only mappings. This pre-
serves model-weight integrity and is validated by prior secure
GPU data-sharing systems [24, 34].

Data isolation for pre-loaded functions. To ensure data
isolation for functions within the same container, each func-
tion operates within isolated Linux namespaces with strict
privilege controls and chroot jails, preventing unauthorized
access to other processes’ memory spaces or file systems
through kernel-level enforcement.

Blackbox processing for data privacy. xLoRA is designed
to treat user models and data as black boxes, ensuring it never
accesses their plaintext content. We facilitate this by requiring
a minor, two-line modification to the user’s code, detailed in
Appendix A.2. The xLoRA library automatically converts the
adapter model into the necessary format and connects it to
the backbone function.

5 Evaluation

We prototype xLoRA using 5.5K lines of Python code and 600
lines of CUDA code. Implementation details are available in
Appendix A.1.
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5.1 Experimental Setup

Testbed. Our experiments are conducted on two testbeds.
The first is a single-node AWS EC2 GPU g6e.48xlarge
instance with 384 CPU cores, 1,536 GB memory, and eight
NVIDIA L40S GPUs. The second is a multi-node cluster on
four AWS g6e.24xlarge instances, with a total of 768 CPU
cores, 3,072 GB memory and 16 NVIDIA L40S GPUs.

Workload.To approximate real-world invocation patterns,
we utilize serverless production traces from Azure Func-
tions [48] and Azure LLM inference [40]. Despite being
collected from serverless workloads, Azure Function traces
are commonly used to represent LLM inference traffic in
LLM serving studies [31, 58]. We categorize Azure Func-
tions traces into three patterns based on the co-variance (CoV)
of the request’s inter-arrival time: “Predictable” (CoV ≤ 1),
“Normal” (1 < CoV ≤ 4), and “Bursty” (CoV > 4). Fig. 6
illustrates partial traces of the three patterns. From each pat-
tern, eight 4-hour traces are randomly selected and mapped
to individual functions. For the Azure LLM inference trace,
as the function number is larger than that of LLMs, we map
the trace to functions in a round-robin manner.

Models and machine learning (ML) Libraries. We se-
lect three backbone LLMs: Llama2-7B, Llama2-13B, and
Llama2-70B. Each backbone is augmented with four pop-
ular LoRA adapters selected according to download trends
on HuggingFace [19]. All inference pipelines are developed
using PyTorch and Transformers. We evaluate Llama2-70B,
which requires multiple GPUs, separately in Sec. 5.6.

Datasets and baselines. We use GSM8K [14], a real-world
LLM dataset of human-created problems, as the prompt for
each request. Two latest serverless and two serverful ML
inference serving solutions are selected as baselines: 1) In-
staInfer [53], a serverless inference system addresses miti-
gating ML artifacts loading latency for small models by pre-
loading. 2) ServerlessLLM [20], the state-of-the-art server-
less LLM inference framework for minimizing LLM check-
point loading delay. We also choose two serverful approaches:
3) dLoRA [58], which is designed for serving multiple LoRA
adapters concurrently. 4) vLLM [28], an memory-efficient
LLM serving system. For fairness, we equip all solutions with
batching, and for solutions that do not support backbone shar-
ing, we let them use merge inference to speed up generation.

Evaluation Metrics. Cold-start latency: The time period
before inference, including both container initialization and
LLM artifacts loading. Time-To-First-Token (TTFT): The
time of a function from being triggered to return the first to-
ken. Time-Per-Output-Token (TPOT): The average interval be-
tween each generated token. Monetary cost: The total money
spent on running the whole workload. Cost-effectiveness: To
evaluate inference efficiency, we propose a cost-effectiveness
metric: 1/(E2E_latency×Monetary_Cost). This captures
the trade-off between speed and cost since optimizing latency
alone risks GPU over-provisioning, while minimizing cost
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Figure 6: Trace example of “Predictable” (CoV ≤ 1), “Nor-
mal” (1< CoV ≤ 4), and “Bursty” request arrival pattern.
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Figure 7: Average TTFT of the workloads at “Pre-
dictable”, “Normal” , and “Bursty”arrival patterns.

increases cold-starts. Throughput: The number of output to-
kens and served requests per unit time. Scalability: The ability
to maintain latency/cost efficiency as workload or resource
scales. Overhead: The additional latency and resource cost
introduced by xLoRA.

5.2 TTFT and TPOT Evaluation

We evaluate the TTFT and TPOT of three serverless solutions
on the 16-GPU cluster running four Llama2-7B based LoRA
adapter functions and four Llama2-13B based LoRA adapter
functions. The evaluation is conducted in three workloads:
Predictable, Normal, and Bursty.

TTFT: Fig. 7 shows that xLoRA accelerates TTFT up to
4.7× and 7.1×, compared with ServerlessLLM and InstaInfer.
As the result shows, for any type of LoRA function in any
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Figure 9: Time breakdown of the whole workload.

workload, xLoRA can significantly reduce its LLM artifact
loading latency, thereby accelerating TTFT.

Although ServerlessLLM can accelerate LLM checkpoint
loading from several seconds down to at least one second,
it does not optimize the loading of libraries and CUDA ker-
nels, nor can it effectively speed up the loading of LoRA
adapters. InstaInfer, on the other hand, dynamically pre-loads
and offloads function models and libraries for maximum ac-
celeration. While this dynamic pre-loading performs well for
small models, it is less effective for LLMs that require sig-
nificantly more loading time. This frequent pre-loading and
offloading substantially reduces the availability of function
instances since they cannot begin inference during the pre-
loading phase—explaining its poor performance with Llama2-
13B series functions. Furthermore, all these solutions require
loading both the backbone LLM and the LoRA adapter for
every function. When a request arrives, they miss the opportu-
nity to use another function’s already-loaded backbone LLM
to accelerate artifact loading. Additionally, they ignore the
CUDA kernel compilation overhead during the first inference.
These limitations further slow down TTFT.

TPOT: As workload patterns primarily affect cold-starts
rather than inference execution, the TPOT measurements re-
main similar across Predictable, Normal, and Bursty workload
scenarios. Fig. 8 shows, xLoRA does not significantly increase
TPOT compared with other serverless solutions. Although
xLoRA’s TPOT is 12% higher than that of baselines, it still
remains within SLO requirements.

This slightly higher TPOT can be attributed to two main
reasons: First, for the goal of minimizing TTFT and improv-
ing throughput, xLoRA’s Adaptive Batching Scheduler tends
to collect more requests into a batch (while still adhering to
SLO constraints). Second, xLoRA reduces replicas of back-
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Figure 10: Cost-effectiveness of xLoRA and baselines run-
ning the Predictable, Normal, and Bursty workloads.

bone LLMs, which allows more GPU memory to be allocated
for KV cache and enables larger maximum batch sizes (We
further explain and evaluate this phenomenon in Sec. 5.7).
As larger batch sizes require more computational resources,
xLoRA’s average TPOT is moderately higher than that of In-
staInfer and ServerlessLLM, both of which employ fixed and
smaller batch sizes.

5.3 Time Breakdown Analysis
We further evaluate the cumulative time cost and breakdown
of each solution running the “Normal” workload in Fig. 9.
xLoRA significantly reduces the latency of loading each ar-
tifact, especially the backbone LLM. While InstaInfer and
ServerlessLLM introduce higher cumulative cold-start latency
than inference, indicating their limitations in LoRA serving.

5.4 Cost-Effectiveness
To evaluate xLoRA’s cost-effectiveness, we jointly consider
E2E latency and monetary cost. We present relative cost-
effectiveness with vLLM as baseline, using Alibaba Cloud
serverless pricing [13]. Fig. 10 shows xLoRA outperforms
all baselines across workloads. Against serverful systems
(vLLM, dLoRA), xLoRA cuts costs severalfold with minimal
cold-start overhead. Against serverless systems (InstaInfer,
ServerlessLLM), xLoRA achieves up to 12.7× and 19.3×
better performance through pre-loading and backbone shar-
ing, reducing both latency and cost. Serverless baselines per-
form worse with Llama2-13B than Llama2-7B due to in-
creased loading times and GPU demands, raising both la-
tency and costs. InstaInfer, designed for million-parameter
models like ResNet, shows the highest TTFT and cost when
serving billion-parameter LLMs. This confirms that existing
serverless solutions cannot directly serve LLMs. The detailed
latency and cost is shown in Table. 1

5.5 Trade-off Between Latency and Cost
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Cost-effectiveness metrics equally weight latency and cost,
which may not match real-world priorities. We instead evalu-
ate latency and cost across varying workload intensities (scal-
ing request rates with fixed arrival patterns), letting practition-
ers choose solutions based on latency or cost sensitivity.

Fig. 11 show a clear divide. Serverful solutions deliver
consistently low latency but incur high, fixed costs that are
inefficient during periods of low demand. Conversely, server-
less baselines offer pay-per-use savings but suffer from severe
latency, especially due to cold-starts at low traffic. xLoRA ef-
fectively bridges this gap. It achieves the cost-efficiency of a
serverless architecture while maintaining performance nearly
on par with serverful systems. Compared to dLoRA, the most
efficient baseline, xLoRA achieves a 69% reduction in aver-
age operational costs with only a 17% increase in average
latency. This trade-off shows that xLoRA provides significant
cost savings with minimal performance impact, making it
both practical and cost-effective.

5.6 Multi-GPUs and LLM Inference Traces
Current serverless platforms are typically evaluated with 7B
and 13B models due to single-GPU limitation. To rigorously
assess multi-GPU inference capabilities, we evaluate Llama2-
70B with the Azure LLM inference trace. This larger model
represents a production-grade service with real-world LLM
inference patterns not captured by the sporadic Azure Func-
tion trace. Our evaluation was conducted on a server with four
NVIDIA A100_80G GPUs serving four LoRA functions.

Compared to serverless baselines, the high memory require-
ments and loading latency of the 70B model significantly
widen the performance gap between xLoRA and other server-
less solutions. As demonstrated in Fig. 12, xLoRA maintains
its performance advantages, achieving up to 3× acceleration
while reducing up to 90% costs. Compared to serverful sys-
tems, which offer lower latency due to their long-running
nature, this performance comes at a considerably higher mon-
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Figure 12: E2E latency and cost-effectiveness for 70B func-
tions on the LLM inference trace.

etary cost. xLoRA demonstrates significantly higher cost-
effectiveness by reducing 91% cost with only 24% increase
in latency. This result shows that xLoRA’s design effectively
mitigates these expenses and can perform well under realistic
LLM inference traces.

5.7 Throughput

We evaluate the maximum output token per second and max-
imum requests completed per second for Llama2-7B series
functions. We run these 4 functions concurrently in two GPUs
(each GPU has enough capacity for holding two Llama2-7B
LLM and their artifacts). As Table 2 shows, xLoRA outper-
forms both ServerlessLLM and InstaInfer, improving the max-
imum output token throughput 1.65×, the maximum batch
size 2.28×, and the throughput up to 3.02×.

The throughput improvement is due to xLoRA’s backbone-
sharing mechanism. As serving each request requires GPU
memory for storing its KV cache, under a large batch size, the
KV cache’s memory cost is non-negligible. Consequently, as
ServerlessLLM and InstaInfer require each function to load
the complete backbone LLM, while xLoRA only needs to
load one backbone LLM in each GPU, functions in xLoRA
have more GPU memory for holding KV cache. Thus, xLoRA
can significantly improve throughput under limited GPU re-
sources.

Furthermore, xLoRA ’s larger peak batch size (compared
with other solutions) allows it to serve more concurrent re-
quests—but also introduces greater resource contention. To
show whether this contention degrades xLoRA’s inference
speed, we compare the overall completion times of each so-
lution under the same workload, with all solutions running
at their respective maximum batch sizes. Fig. 13 (a) shows
that xLoRA achieves the shortest completion time. Conse-
quently, even at its peak batch size, when resource contention
is highest, xLoRA sustains superior inference speed.

5.8 Ablation Study

To evaluate the effectiveness of xLoRA’s each component
(Backbone Sharing, Pre-Loading, Dynamic Offloading, and
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Table 1: The Llama2-7B (13B) series functions’ E2E latency, monetary cost, and cost-effectiveness of each solution.
E2E Latency (ms) Cost ($) Cost-Effectiveness (relative)

Workload Predictable Normal Bursty Predictable Normal Bursty Predictable Normal Bursty

vLLM 2395 (2458) 2425 (2441) 2509 (2573) 20.93 (42.96) 20.93 (42.96) 20.93 (42.96) 1 (1) 1 (1) 1 (1)
dLoRA 2518 (2672) 2589 (2683) 2793 (2856) 7.32 (11.40) 7.32 (11.40) 7.32 (11.40) 2.72 (3.47) 2.68 (3.43) 2.57 (3.39)
InstaInfer 3811 (5777) 4512 (7318) 5620 (7986) 24.32 (53.30) 32.68 (51.46) 24.73 (36.58) 0.55 (0.34) 0.34 (0.34) 0.38 (0.38)
ServerlessLLM 3807 (4733) 4569 (5690) 5168 (6474) 24.29 (43.67) 33.10 (40.01) 22.74 (29.65) 0.55 (0.51) 0.34 (0.51) 0.45 (0.58)
xLoRA 2922 (3166) 3061 (3338) 3050 (3631) 4.66 (7.30) 5.54 (5.87) 3.35 (4.16) 3.71 (4.57) 2.99 (5.35) 5.13 (7.32)

Table 2: Peak throughput of each serverless solution

Throughput
(Token/s)

Peak
Batch Size

Throughput
(Request/s)

xLoRA 547 73 4.76
ServerlessLLM 331 32 1.72
InstaInfer 331 32 1.48
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Figure 13: Throughput evaluation and ablation study.

Adaptive Batching) separately, we conduct an ablation study
on the 4-node GPU cluster.

We compare xLoRA with its four variants: 1) xLoRA-NBS:
xLoRA without the Backbone Sharing mechanism. In this vari-
ant, each function must independently hold a complete back-
bone LLM. 2) xLoRA-NPL: xLoRA without the Pre-Loading
Scheduler. In this variant, no LLM artifacts are pre-loaded. 3)
xLoRA-NDO: xLoRA without Dynamic Offloading. In this
variant, when a bursty workload arrives, if the target GPU
does not have enough memory to serve all requests, instead
of proactively off-loading unrelated artifacts, it keeps waiting
until the GPU has enough memory. 4) xLoRA-NAB: xLoRA
without the Adaptive Batching Scheduler. In this variant, we
set each function’s batch size and batch delay to be fixed. For
fair comparison, we choose three batching strategies: 1) batch
size =1 (no batching); 2) batch size = 10, batch delay = 500
ms; 3) batch size = 20, batch delay = 1000 ms. We name these
three strategies xLoRA-NAB #1-#3.

We run a 4-hour “Normal” workload of 4 Llama2-7B se-
ries functions and 4 Llama2-13B series functions. Fig. 13 (b)
shows that xLoRA achieves the highest cost-effectiveness
among all variants, with xLoRA-NBS performing worst, indi-
cating that the backbone sharing mechanism plays the most
crucial role in reducing TTFT and monetary cost.

Table 3 details each variant’s performance metrics. xLoRA
achieves the lowest TTFT, E2E latency, and monetary cost.
It’s worth mentioning that although xLoRA-NAB #2 and #3
match xLoRA’s TTFT, their fixed batching creates resource

Table 3: Ablation study of xLoRA.

xLoRA
Variants

TTFT
(ms)

E2E Latency
(ms)

Monetary
Cost ($)

xLoRA 576 2977 7.53
xLoRA-NBS 2608 4959 12.55
xLoRA-NPL 1345 3747 9.48
xLoRA-NDO 1047 3328 8.42
xLoRA-NAB #1 1386 3799 9.61
xLoRA-NAB #2 693 3425 8.66
xLoRA-NAB #3 721 3526 8.92
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Figure 14: Scalability of xLoRA and other solutions.

contention between different function requests, increasing
E2E latency and cost.

5.9 Scalability
Fig. 14 shows, for the workload that contains all 8 Llama
functions, with increasing GPU memory, xLoRA consistently
outperforms other serverless solutions, indicating its efficient
GPU utilization whether GPU resources are limited or abun-
dant. When more GPU memory is available, xLoRA effec-
tively converts these resources into faster inference.

5.10 SLO Violation
As xLoRA aims to minimize TTFT and monetary cost with-
out violating SLO, we evaluate the SLO violation rate by
running the Predictable, Normal, and Bursty workload. We
set the TTFT SLO standard following the same setting of
ParaServe [33]: 5× the first warm-start’s TTFT (without any
acceleration of cached kernels). Thus, in our cluster, the TTFT
SLO of Llama2-7B series functions is 2500 ms, while that of
Llama2-13B series functions is 4000 ms.

Fig. 15 shows that xLoRA achieves the lowest SLO viola-
tion rate in any workload. Even in the worst case, the violation
rate is only 10%, while the SLO violation rate of Serverless-
LLM and InstaInfer can reach up to 45% and 58%. This result
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Figure 15: TTFT CDF of xLoRA and baselines running
the Predictable, Normal, and Bursty workloads.

indicates that xLoRA’s outperformance over current serverless
solutions does not increase SLO violation rate.

5.11 Prediction Accuracy

We evaluate xLoRA’s pre-loading policy with the “Normal”
workload trace to assess the impact of prediction accuracy.
Our results show a pre-loading hit-rate of at least 47% and up
to 82%. Even with a hit-rate lower bound of 12%, xLoRA still
outperforms InstaInfer and ServerlessLLM.

5.12 Pre-Loading Scheduling

Since artifact pre-loading is an NP-Hard Precedence-
Constrained Knapsack Problem, xLoRA uses a greedy bin-
packing policy for efficiency. Simulations with 50 LoRA
adapters, 20 backbone LLMs, 20 idle containers, and 20 GPUs
show xLoRA achieves near-optimal performance with 260×
speedup (0.04s vs. 10.4s) at only 1.6% optimality loss.

5.13 Overhead

We measured xLoRA’s resource and latency overhead on the
above workloads. The Pre-Loading and Adaptive Batching
Schedulers each add 1ms latency, with total scheduling over-
head under 6ms for the heaviest workload. Backbone sharing
introduces no latency overhead. Resource-wise, scheduling
components use 1 CPU core and 300MB host memory to-
tal. Backbone sharing requires 473MB GPU memory due to
separate CUDA contexts for backbone and adapter processes,
which is negligible compared to the 14–140GB saving.

6 Related Work

LLM serving: Recent studies focus on accelerating LLM in-
ference and increasing throughput. Orca [60] batches requests
at iteration level to minimize queuing time, while FlashAt-
tention [16] reduces IO complexity and SpecInfer [37] uses
speculative decoding to reduce latency. DeepSpeed [9] and
AlpaServe [31] leverage multi-GPU parallelization. For im-
proved throughput, vLLM [28], InfiniGen [29], and Moon-
Cake [43] optimize KV cache management, while Flex-
Gen [50] and LLM-in-a-flash [6] off-load data to host memory.
DistServe [67] and SARATHI [3] disaggregate pre-filling and
decoding to maximize GPU utilization. xLoRA is orthogonal
to these solutions as they optimize inference while xLoRA
mitigates cold-starts before inference.
Multi-LoRA LLM inference: Multi-LoRA LLMs intro-
duce challenges in efficiently sharing the backbone model
without additional memory overhead or degraded inference
speed. Punica [11] and S-LoRA [49] support batching re-
quests of different adapters on the same backbone LLM, while
dLoRA [58] also accelerates inference by merging LoRA
adapters into the backbone. However, these serverful solutions
require running models in a single process, violating server-
less isolation requirements. xLoRA runs each LoRA adapter in
independent function instances with isolated adapter models,
KV cache, and other data.
Optimizing serverless inference: Serverless ML inference
has been well studied [5, 12, 17, 23, 25, 27, 30], but these stud-
ies ignore significant model loading delays. Some approaches
group requests into batches to improve throughput [4, 59, 64],
but cannot flexibly adjust batch size and delay for LLM in-
ference. Works [23, 30, 41] reduce model loading latency,
while InstaInfer [53] fully mitigates loading latency of all ML
artifacts. ServerlessLLM [20], Medusa [63], ParaServe [33],
and λScale [62] accelerate LLM checkpoint loading and com-
piling. However, all these solutions require maintaining a
complete LLM within each function instance, causing high
resource costs and limiting scalability.

7 Conclusion

This paper presented xLoRA, a serverless inference system
designed for efficient LoRA LLM serving. We addressed
the backbone redundancy, overlooked artifact loading, and
resource contention problems in serverless LoRA inference.
xLoRA proposes secure backbone LLM sharing, comprehen-
sive LoRA artifact pre-loading, contention-aware adaptive
batching, and dynamic GPU memory offloading. Extensive
evaluation demonstrates that xLoRA significantly reduces
TTFT by up to 86% and monetary costs by up to 89% com-
pared to state-of-the-art approaches, offering a faster and more
economical solution for deploying multiple LoRA LLMs.
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A Appendix

A.1 Implementation
We implement a prototype of xLoRA with about 5.5K lines
of Python code and 600 lines of CUDA code. This proto-
type includes a complete serverless serving system and all
xLoRA’s components. We describe the detailed implementa-
tion of xLoRA as follows:

Backbone LLM sharing. We implement backbone shar-
ing using CUDA IPC handles. After loading the backbone
LLM on GPU, we record each layer’s CUDA IPC handle.
Since Python cannot directly access IPC handles, we cre-
ate a CUDA plugin compiled into a shared library, enabling
Python to access these handles as tensor values. We also mod-
ify PyTorch’s parameter loading function to populate empty
LLM objects by pointing tensors to the backbone LLM with
zero-copy operations. Since IPC handles support concurrent
access, a single backbone LLM can serve multiple functions
simultaneously.

LoRA inference using the shared backbone LLM. As the
backbone parameters are shared by multiple functions, regular
LoRA inference tools like PEFT [35] that merge the LoRA
adapter’s parameters with backbone’s parameters are unsuit-
able. Thus, we create the unmerged inference atop Transform-
ers to operate the matrix calculation of backbone and LoRA
adapter separately.

LLM artifact pre-loading. We deploy the Pre-Loading
Scheduler in the serverless platform’s controller, which has
access to all worker node information. Each worker node runs
a Pre-Loading Agent, and containers include handlers for arti-
fact loading. Components communicate via REST API. To ac-
celerate backbone LLM pre-loading, we use CUDA Streams
for concurrent tensor loading and CUDA Asynchronous Mem-
ory Transfer to overlap loading with GPU transfers.

Dynamic offloading. We deploy the Dynamic Offloader
in each worker node. Once the swapper is triggered, it calls
the Pre-Loading Scheduler to trigger the corresponding con-
tainer’s handler for offloading.

A.2 How to use xLoRA
To enable xLoRA, a minor, two-line modification to the user’s
code is required, as shown in Code 1.

Code snippet 1: How to use xLoRA
# Original
model =

AutoModelForCausalLM.from_pretrained("model")

# xLoRA
import xLoRA
model = xLoRA.from_pretrained("model")
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