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ABSTRACT

As scalable inference services become popular, the cold start latency of an inference engine becomes important.
Today, vLLM has evolved into the de-facto inference engine of choice for many inference workloads. Although
popular, due to its complexity and rapid evolution, there has not been a systematic study on the startup latency of
its engine. With major architectural innovations under it (e.g., the V1 API, introduction of torch.compile),
in this paper, we present the first detailed performance characterization of vLLM startup latency. We break down
the startup process into six foundational steps and demonstrate that this process is predominantly CPU-bound.
Each step exhibits consistent and interpretable scaling trends with respect to model- and system-level parameters,
enabling fine-grained attribution of latency sources. Building on these insights, we develop a lightweight analytical
model that accurately predicts vLLM’s startup latency for a given hardware configuration, providing actionable
guidance for resource planning in large-scale inference environments. All our benchmarking datasets, analysis
tools, and prediction scripts are open-sourced at https://github.com/upb-cn/vllm-startup-profiler.

1 INTRODUCTION

Despite the success of Large Language Models (LLMs)
in various domains (Daivi, 2024; Anastasiya Zharovskikh,
2023; CellStrat, 2023), deploying LLMs at scale still poses
significant challenges with respect to GPU resource provi-
sioning, request scheduling, and performance scaling (Khare
et al., 2025). To address these issues, serverless computing
has emerged as an attractive paradigm for LLM serving (Fu
et al., 2024; Hu et al., 2025; Lou et al., 2025; Qin et al.,
2025; Zeng et al., 2025). In this paradigm, users provide
LLMs while the serverless platform dynamically provisions
resources to match workload variations, enabling a pay-
as-you-go model that enhances cost efficiency by scaling
automatically on-demand. Despite these advantages, server-
less deployments face a critical challenge: cold start la-
tency. Under bursty workloads, cloud providers frequently
spin up new cold LLM container instances to handle traf-
fic spikes, introducing significantly higher latency, often
orders of magnitude greater than serving requests on warm
instances (Zeng et al., 2025; Du et al., 2020; Oakes et al.,
2018). This latency primarily impacts the Time-to-First-
Token (TTFT), a key performance metric in LLM infer-
ence (Agrawal et al., 2024; Zeng et al., 2025; Fu et al.,
2024).

A growing body of work has sought to mitigate the cold start
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latency through techniques such as accelerated checkpoint
loading (Fu et al., 2024), reducing runtime initialization
overhead (Akkus et al., 2018; Fuerst & Sharma, 2021; Li
etal., 2022; Roy et al., 2022; Yu et al., 2024), fast state mate-
rialization (Zeng et al., 2025), and pipeline parallelism (Lou
et al., 2025). However, these efforts focus on individual
components of the startup process, with limited analysis
of the process as a whole. This gap hinders our ability to
design scalable and efficient serverless systems to meet the
performance demands of LLM inference requests.

This gap is particularly evident in vVLLM (Kwon et al.,
2023), a widely adopted and rapidly evolving open-source
framework for LLM inference. Despite its widespread
adoption, the startup behavior of vLLM still lacks a clear
structural understanding within the community. This is re-
flected in multiple user discussions and issue reports that
attempt to diagnose or mitigate startup latency, often with-
out a shared decomposition of the underlying steps (VLLM
Project, 2025a;b;c;d;e). Only recently has a dedicated
startup-time benchmark been added to the vVLLM codebase,
suggesting that this aspect of the system had not yet been
systematically characterized (vVLLM Project, 2025g). In this
work, we provide the first detailed study of vLLM startup
process. Specifically, our goal is to characterize this process
end-to-end, identifying the key steps, quantifying their per-
formance dependencies, and analyzing their GPU-, CPU-
and I/0-dependencies. We argue that answering these ques-
tions is both challenging and timely for three key reasons:

Firstly, the popularity and complexity of vVLLM. Over the
past few years, vVLLM has rapidly become one of the most
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Figure 1. Startup times of different vLLM versions using the OPT-
6.7B model on an H100 GPU (lower is better).

widely used inference engines, evolving quickly through
frequent, community-driven releases (Kwon et al., 2023;
Nar et al., 2025). It delivers a highly optimized infer-
ence path (Gordic, 2025) with techniques such as Page-
dAttention and prefix caching (Kwon et al., 2023), chun-
ked prefill (Agrawal et al., 2023), disaggregated prefill-
decoding (Zhong et al., 2024) and continuous batching (Yu
et al., 2022). However, this fast evolution also compli-
cates cold start optimizations, as prior techniques often
become obsolete due to API changes or with the emergence
of new features (if not forward ported) like the V1 API
and torch.compile (VLLM Project, 2025h;k;1). Fur-
thermore, with a growing codebase (~280K lines of Python
code as of v0O.10) and new integrations, it has become
increasingly more difficult to systematically assess how
changes to individual components affect the overall cold
start performance (VLLM Project, 2025j). To quantify the
impact of this complexity, in Figure 1 we show the vVLLM
startup latencies for the last nine major releases during the
past 1.5 years. As evident from the figure, there is more
than 4 x variance in latencies, and a 2x latencies reduc-
tion observed between v0.9 and v0.10. These results
indicate that there is a need systematically characterize and
understand the startup process of vVLLM.

Secondly, heterogeneous inference ecosystem. Modern
inference deployments are heterogeneous, where a vari-
ety of hardware (CPUs, GPUs, and storage devices) and
software (framework, ecosystem, workload, models) param-
eters can influence resource management efficiency—an
important factor in serverless computing. From a hard-
ware point of view, vLLM supports a wide variety of Al
accelerators with more than a dozen reported in active us-
age in 2024 (Hex, 2026). In terms of software, different
versions of vVLLM are used in the wild. We perform an anal-
ysis using pepy.tech website (pepy.tech, 2025) that reports
pip install usage of various Python packages, includ-
ing VLLM. Over the past three months, all vLLM versions
shown in Figure 1 have been actively installed, ranging
from v0 . 3 (~30K downloads) to v0 .10 (around 1.3 mil-

lion downloads). Moreover, serving systems commonly host
multiple models with diverse sizes, families, architectures
(e.g., transformers, mixture-of-experts, and hybrid designs),
and popularity (vLLM Project, 2025f; Yu et al., 2025). Fur-
thermore, in terms of resource management, LLM requests
remain highly bursty in nature, making provisioning for the
peak demand both costly and inefficient. We analyze mul-
tiple publicly available LLM production traces (Microsoft
Azure (Cortez et al., 2017), Shanghai Al Lab (Hu et al.,
2024), Mooncake Al (Qin et al., 2025), and Alibaba (Chen
et al., 2025) traces) and report peak-to-mean ratios of 2-
20x, revealing significant variance in request arrival rates,
thus making resource provisioning challenging. Similar
numbers were also reported in the past literature (Khare
et al., 2025). The diversity in hardware, software, models,
and workloads underscores the importance of developing a
systematic understanding of the startup process to ensure
efficient resource management across this heterogeneous
ecosystem.

Lastly, emergence of containerized, scalable distributed
inference blueprints. Since early 2025, LLM ecosystem
has seen a rapid emergence of end-to-end, containerized
frameworks designed to support distributed and scalable
inference. These frameworks provide full blueprints for run-
ning production-level LLM services with tightly integrated
components, such as an inference request router, a KV-
Cache manager, and worker autoscalers. Examples include
NVIDIA Dynamo (NVIDIA, 2025b), Red Hat LLM-D (Red
Hat, 2025), AIBrix (AIBrix, 2025), and vLLM Production
Stack (VLLM Production Stack, 2025). A key requirement
shared across these frameworks is the ability to scale GPU
workers efficiently, which in turn requires an accurate model
of the startup cost for each worker instance (LLM-D, 2025).
For example, NVIDIA Dynamo recommends performing
multi-hour offline profiling of inference environments, fol-
lowed by periodic online monitoring to build detailed perfor-
mance models for efficient resource provisioning (NVIDIA,
2025¢). Such profiling captures end-to-end inference be-
havior, including model execution, scheduling, and runtime
dynamics, to inform autoscaling and workload placement
decisions. However, these system-level models typically
treat startup as part of a larger inference lifecycle rather than
isolating it as a distinct component of container initializa-
tion (Balamurugan et al., 2025). Hence, an accurate and
detailed startup characterization is an essential contribution
for designing impactful autoscaler policies for containerized,
serverless inference frameworks.

With these trends, in this paper, we take a step back and
focus on developing a comprehensive and systematic under-
standing of vLLM’s startup process. We focus specifically
on the vLLM engine initialization phase, while intention-
ally controlling for distributed factors such as container
startup, remote storage, and network effects, in order to
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Figure 2. vLLM startup latency breakdown with Llama3.2-3B.

isolate the core system behavior. We decompose the startup
process into six foundational steps and identify that the
overall process is largely CPU-bounded. By examining the
scaling characteristics of each step, we uncover consistent
and interpretable relationships among model configuration,
system environment, and startup latency. Leveraging these
insights, we develop a lightweight analytical model capable
of predicting vLLM startup time for a given hardware and
model configurations. This predictive model enables more
informed scheduling and autoscaling decisions in server-
less deployments, allowing cloud platforms to plan resource
allocation and mitigate cold starts effectively.

2 PERFORMANCE CHARACTERIZATION OF
VLLM STARTUP PROCESS

We start by conducting a detailed performance characteriza-
tion of vLLM’s startup process. Throughout this paper, we
define the startup time as the duration between the start of
the inference engine’s initialization and the point at which
the engine becomes fully operational and ready to serve
inference requests (e.g., when VLLM prints Application
startup complete). Our goal in performance characteriza-
tion is to (i) identify unique steps involved in the startup
process; (ii) synthesize their performance and scaling de-
pendencies on vLLM-internal configuration and external
factors. We perform our analysis with 22 LLMs, detailed in
Table 1, with a variety of architectures and configurations
on NVIDIA H100 (§2) and L40S (§3) GPUs (NVIDIA,
2025d;e) using VLLM v0.10.1.1. More details of our
system environments are shown in Table 2. Unless men-
tioned otherwise, all experiments are conducted on node n1
equipped with HI00 GPU and AMD EPYC 9354 CPU. For
clarity and space reasons, models are selectively omitted
in certain plots without loss of generality. To ensure visual
consistency, each model is represented using a fixed color
across all figures, following the mapping illustrated in Ta-

ble 1. All experiments are conducted five times, and the
reported results represent the average time.

Our analysis reveals six unique steps in vVLLM’s startup
process as shown in Figure 2 for Llama3.2-3B (Meta Al,
2023). The figure also shows the dominant resource type
for each step and its contributions towards startup latency
of 20.32 secs. As shown, all steps are CPU-bound, except
for the final two steps (e.g., KVCache profiling and CUDA
graph capture), which are GPU-bound, thus establishing
that the overall startup process is predominantly bounded
by CPU. In the following subsections, we provide a detailed
explanation of each step, covering both, their functional
role in the startup process, and their potential performance
implications. We believe that the upcoming vVLLM releases
will optimize these steps instead of eliminating them, thus
ensuring longevity of this analysis and insights produced.

2.1 vLLM Framework Bootstrapping

The first step of vVLLM’s startup process is Framework Boot-
strap, which configures the runtime environment before
any model components are loaded. In this step, vLLM ini-
tializes the runtime environment and launches an OpenAl-
compatible inference API server responsible for managing
inference requests. It comprises four substeps:

Detect Platform. vLLM probes the available hardware
backend by importing runtime modules (e.g., CUDA or
CPU) and confirming device support (NVIDIA, 2025a).
This determines the appropriate execution environment for
subsequent stages.

Dependencies Imports. After backend detection, the frame-
work loads its core dependencies, such as PyTorch, Trans-
formers, tokenizer libraries, and vLLM-specific plugins.
The dynamic import and symbol resolution of these pack-
ages can introduce noticeable latency of several seconds.

Get Model Info. The API server retrieves the model’s con-
figuration and tokenizer metadata from a local repository
or via remote querying (e.g., HuggingFace). This step in-
volves file or network I/O and JSON parsing of files such as
config. json and model_index. json, which define
the model architecture and supported tasks.

Worker Initialization. Finally, vVLLM spawns its main
worker via Ray or Python multiprocessing, setting up inter-
process communication, shared memory, and GPU contexts
to prepare the runtime for model loading and inference.

Overall, the Framework Bootstrap step is mainly gov-
erned by vLLM’s internal implementation and shows sta-
ble latency within the same environment across all mod-
els, regardless of their parameters. Recent optimizations,
such as caching the Mode1_Class metadata after the first
run (VLLM Project, 20251), have reduced the latency of the
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Table 1. Comparison of models architectures and configurations. MoE = Mixture of Experts, MHA = Multi-Head Attention, GQA =
Grouped Query Attention, MQA = Multi-Query Attention, MLA = Multi-Latent Attention, /' = 1000. Color boxes correspond to the
colors used in all Figures.

Model Layers Hidden FFN Heads  Attention Vocab Tokenizer MoE?
Size Dim (Q/KV) Type Size Size

LLaMA 2-7B (Touvron et al., 2023) 32 4096 11008 32/32 Full MHA 32K 1.8MB  No

M LLaMA 2-13B (Touvron et al., 2023) 40 5120 13824 40/40 Full MHA 32K 1.8MB  No

M LLaMA 3-3B (Meta Al, 2023) 28 3072 8192 24/8 GQA (3:1) 128K 87MB No

M Falcon-7B (tiiuae, 2023) 32 4544 18176 71/1 MQA 65K 2.7MB  No

M Qwen-0.5B (Bai et al., 2023) 24 1024 2816 16/16 Ful MHA 152K 6.8MB No
Qwen-1.8B (Bai et al., 2023) 24 2048 5504 16/16 FullMHA 152K 6.8MB  No

M Qwen-4B (Bai et al., 2023) 40 2560 6912 20/20 FullMHA 152K 6.8MB No

M Qwen-7B (Bai et al., 2023) 32 4096 11008 32/32 FullMHA 152K 6.8MB No

M Qwen-14B (Bai et al., 2023) 40 5120 13696 40/40 Full MHA 152K 6.8MB No
Yi-6B (01.Al et al., 2024) 32 4096 11008 32/4 GQA (8:1) 64K 35MB  No
Yi-9B (01.Al et al., 2024) 48 4096 11008 32/4 GQA (8:1) 64K 35MB  No
Falcon-11B (Malartic et al., 2024) 60 4096 16384 32/8 GQA (4:1) 65K 27MB  No
Mistral-7B (Jiang et al., 2023) 32 4096 14336 32/8 GQA (4:1) 32K 1.8MB No

B Qwen-MoE-14.3B-A2.7B (Qwen, 2024) 24 2048 1408 16/16 FullMHA 152K 6.8MB  Yes
Gemma-7B (Google, 2024) 28 3072 24576 16/16 FullMHA 256K 17.5MB No
GPT-0OSS-20B (OpenAl, 2025) 24 2880 2880 64/8 GQA (8:1) 201K 27MB Yes
Granite3.3-8B-Instruct (Granite Team, IBM, 2025a) 40 4096 12800 32/8 GQA (4:1) 50K 34MB  No

M Granite4.0-h-small-32B (Granite Team, IBM, 2025¢) 40 4096 1536 32/8 GQA (4:1) 100K  6.9MB Yes
Granite4.0-h-mirco-3B (Granite Team, IBM, 2025b) 40 2048 8192 32/8 GQA (4:1) 100K  6.9MB No
DeepSeek-V2-Lite-16B (DeepSeek-Al, 2024) 27 2048 1408 16/16 MLA 102K 44MB  Yes

B DeepSeek-R1-Distill-Llama-8B (DeepSeek-Al, 2025) 32 4096 14336 32/8 GQA (4:1) 128K 8.7MB No

B DeepSeck-R1-Distill-Qwen-7B (DeepSeek-Al, 2025) 28 3584 18944 28/4 GQA (7:1) 152K 6.8MB No

Table 2. Hardware and software configurations for the nodes used in experiments.
nodel (n1) node2 (n2) node3 (n3) node4 (n4)

CPU AMD EPYC 9354 (32C) AMD EPYC 9354 (32C) 2x Intel Xeon Platinum 8568Y+ (2x48C) 2x Intel Xeon Gold 5520+ (2x28C)

GPU H100 NVL L40S H100 L40S

DRAM DDR5 251GB DDR5 251GB DDR5 2TB DDR5 2TB

0S Debian 12 Debian 12 Red Hat Enterprise Linux (RHEL) 9 Red Hat Enterprise Linux (RHEL) 9

Kernel 6.1.0-40-amd64 6.1.0-40-amd64 5.14.0-503.34.1.e19.5 5.14.0-503.34.1.e19.5

Python 3.11.2 3.11.2 3.12 3.12

CUDA  12.6 (Driver 580.82.07) 12.6 (Driver 580.82.07) 12.8 (Driver 570.124.06) 12.8 (Driver 570.124.06)

PyTorch 2.7.14+cul26 2.7.1+cul26 2.7.1+cul26 2.7.1+cul26

vLLM  v0.10.1.1 v0.10.1.1 v0.10.1.1 v0.10.1.1

SSD - - 4x PCIe 5.0 SSDs -

FS - - XFS/LVM with RAID-0 mirror -

Get Model Info substep from roughly 4.47 secs, to about
0.12 secs. Since this feature was introduced in v0.11, it
was not enabled in our experiments, which covered releases
uptov0.10.1.1.

Summary: vLLM framework bootstrapping latency de-
pends mainly on its implementation, and is independent
of the model used. Users have little direct control over
this step, though on-going optimizations are reducing its
impact in newer vVLLM versions.

2.2 Tokenizer Initialization

The second step of vVLLM’s startup process is tokenizer ini-
tialization, which prepares the component that converts raw
text into a numerical form that the model can process (Singh
& Strouse, 2024). This step can be divided into two parts: (i)

loading the tokenizer’s vocabulary files and configurations,
and (ii) mapping user input text into model-compatible to-
ken IDs. However, during the startup process, only the first
part occurs where vLLM loads the tokenizer’s vocabulary
and builds the internal logic required for tokenization.

The bar chart in Figure 3 shows the tokenizer initialization
time across models. We observe that models like Llama2-7B
and Falcon-7B initialize much faster (0.08 secs), while mod-
els with larger tokenizers, such as Llama3-3B, take longer
(0.29 secs). Additionally, the Qwen series, all sharing the
same tokenizer size (6.8 MB), exhibit identical initialization
time (0.25 secs), regardless of the model size.

The inset plot in Figure 3 shows a strong linear relationship
between tokenizer size and initialization time, confirmed by
a regression fit with a Pearson correlation coefficient (PCC)
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Figure 3. Strong linear relationship between the tokenizer size
(shown in parentheses) and tokenizer initialization time.

of 0.99. PCC is a measure ranging from -1.0 (no corela-
tion) to +1.0 (perfect corelation) indicating the strength of a
linear relationship between two variables. This shows that
initialization latency is primarily governed by the size of to-
kenizer files, which contain the vocabulary, merge rules, and
metadata. As detailed in Table 1, tokenizer size mainly de-
pends on vocabulary size, with minor effects from tokenizer
type and encoding format (e.g., JSON vs. binary). Although
different models employ distinct tokenization methods (e.g.,
SentencePiece for LLaMA, BPE for Falcon), the tokenizer
type itself has little impact; overall, tokenizer’s file size
dominates initialization performance.

Summary: Tokenizer initialization time scales linearly
with the tokenizer size, which in turn is determined by the
model vocabulary size.

2.3 Model Loading

The third step is model loading. It occurs in two steps:
initializing the model structure and loading the pretrained
weights. An LLM consists of two main components: its
architecture (e.g., layers, activation functions, and attention
blocks) and its pretrained weights (i.e., the parameters that
define how the model performs its tasks). These components
are usually distributed in separate files, which are read and
loaded into the GPU memory during the model loading step.

Initializing The Model Structure. In this step, VLLM
creates the model architecture in memory, setting up lay-
ers, attention blocks, and activation functions as defined
by the model’s configuration file. We identify this step to
be independent of model parameter size and other model
parameters (e.g., hidden size, FFN dimension). In our ex-
periments, this step consistently takes about 0.1 £ 0.05 s
across models, regardless of their size or architecture.

Loading The Weights. This step involves transferring the
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Figure 4. Strong linear relationship between the model size and
loading weights time.

pretrained parameters (the weights for the attention block,
FFN, etc.) from checkpoint files to GPU memory. Fig-
ure 4 shows the latency of this step across a variety of
models loaded with FP16 format. The size of the model
depends primarily on the number of model parameters and
the numeric precision used to store them. In the figure, the
parameter count is reflected in the model names (e.g., 1.8B
denotes 1.8 billion parameters). For example, a model such
as Qwen-1.8B contains approximately 1.8 billion parame-
ters; when stored in FP 16 format (2 bytes per parameter),
the model requires about 3.6 GB of data to be loaded into
GPU memory. In the bar chart, we see that models like
Qwen-1.8B and Llama3-3B, with smaller parameter counts,
have relatively low loading times around 0.5-1 secs, while
larger models such as DeepSeek-V2-Lite-16B take longer,
reaching nearly five seconds. Note that these experiments
are done with a warm Linux buffer cache, i.e., model check-
point files are effectively read from the system DRAM. We
quantify the impact of SSD loading in §3.3.

The loading times in Figure 4 exhibit a clear trend: larger
models require more time to load their weights, in direct
proportion to their size. The inset plot further supports this
observation by showing a linear relationship between the
model size and loading time, with PCC = 1 and a regression
line confirming that the loading time increases predictably
as model size grows. Nonetheless, secondary factors such
as quantization or precision format, may influence this step
by reducing data volume and transfer time.

Summary: Model loading is dominated by the weight-
loading time, which linearly depends on the model pa-
rameter size and the numeric precision.

2.4 Torch Compilation

The fourth step in VLLM’s startup process is the
torch.compile step, introduced in version vO. 7.0 as
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Figure 5. Strong linear relationship between compiled graphs size
(shown in parentheses, in KB) and Dynamo transformation time.

a major optimization milestone. It leverages PyTorch’s com-
pilation infrastructure to convert Python-level execution into
optimized, low-level kernels, reducing Python overhead and
enabling kernel fusion for faster inference (PyTorch, 2023).
In vLLM, this process includes two substeps: (i) Dynamo
Bytecode Transformation and (ii) Loading/Storing Compiled
Graphs (vVLLM Docs, 2025).

Dynamo Bytecode Transformation. Dynamo captures and
transforms Python bytecode at runtime to extract computa-
tional graphs from standard PyTorch programs (PyTorch,
2025a; Puneet Mangla, 2023). In regular execution, each
model operation (e.g., matrix multiplication, activation func-
tions, or attention layers) runs as a separate Python call, in-
curring interpreter overhead and limiting compiler-level opti-
mizations (Ansel et al., 2024). Dynamo instead rewrites the
execution into an intermediate representation (IR), a static,
compiler-friendly, graph-like form, enabling optimizations
such as operator fusion and memory planning (Ansel et al.,
2024; PyTorch, 2024; 2023).

We find that Dynamo transformation time grows with the
number of layers, as each additional layer introduces more
operations that must be traced and transformed. The time
also depends on the complexity of each layer, which refers
to the number of kernels, metadata and function wrappers
that must be traced, meaning that complex layers need more
time to be compiled. We observe that a good proxy for
the complexity of a layer is the size of the generated com-
piled graph file. To verify this observation, Figure 5 reports
this relationship across models, showing that transforma-
tion time increases with the total compiled graph files size,
computed as the sum of all layers graph sizes. For ex-
ample, Llama2-7B and Llama2-13B require 4.86 secs and
5.97 secs respectively. Although they have the same archi-
tecture (hence similar complexity), the latter takes more
time due to higher number of layers (32 vs. 40). The inset
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Figure 6. Strong linear relationship between compiled graphs size
(shown in parentheses, in KB) and loading compiled graphs time.

plot confirms a near-linear scaling trend with PCC = 0.96,
indicating that transformation cost is primarily determined
by the layer count and per-layer complexity.

Loading/Storing Compiled Graphs. After Dynamo gen-
erates IR graphs, TorchInductor (PyTorch, 2025b) compiles
them into highly optimized, low-level kernels that run effi-
ciently on the GPU (PyTorch, 2025¢c). vLLM then stores
these compiled artifacts in a file system cache, enabling
subsequent runs to skip recompilation. Our measurements
are performed with this cache already populated; §3.5 will
show the impact of this caching on the startup latency.

As shown in Figure 6, loading time scales linearly with
compiled graph size, from 2.89 secs for Qwen-MoE-14.3B
(808 KB) to 5.66 secs for Yi-9B (1.69 MB). Models sharing
the same architecture and number of layers, such as Qwen-
4B and Qwen-14B, exhibit similar loading times (4.55 secs
vs. 4.69 secs) despite different parameter counts. The inset
confirms this linear dependence with PCC = 0.95, showing
that the loading cost depends primarily on the compiled
graph size rather than the model architecture or parameter
size.

Summary: The torch.compile step time increases
with both the number of layers and their complexity,
which can effectively be approximated by the total size of
the generated compiled graph files.

2.5 KVCache Profiling

The fifth step in vLLM’s startup process is key—value (KV)
cache profiling, which determines the optimal amount of
GPU memory to allocate for the KVCache. The KVCache
stores the past key and value tensors generated by the at-
tention mechanism, allowing the model to reuse them effi-
ciently across decoding steps. Since the cache for attention
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Figure 7. KVCache profiling time across different models. The
inset shows a linear regression fitted only on non-MoE models
(excluding Qwen and DeepSeek, shown as two yellow and olive
dots in the top right in the inset) with torch . compi le disabled.

layers grows with each generated token, incorrect allocation
can lead to out-of-memory errors. Profiling is therefore criti-
cal: vLLM executes a dummy forward pass to measure peak
memory usage, and the remaining available GPU memory
is then allocated for the KVCache. This ensures a balance
between stability and maximum memory utilization during
inference.

Since this step involves the first invocation of the model’s
forward pass through the dummy run, torch.compile
is implicitly triggered, causing the profiling time reported
by vLLM to include compilation overhead. Initially, we
attempted to isolate the profiling duration by subtracting
the measured torch. compile time from the logged val-
ues. However, this approach failed to yield a consistent
trend. A closer analysis revealed that the inclusion of com-
pilation overhead within the profiling stage distorted the
measurements. To obtain a more accurate characterization
of the intrinsic profiling behavior, we re-ran this step with
torch.compile explicitly disabled, ensuring that only
the dummy forward execution time is captured.

Figure 7 shows the measured profiling time across mod-
els after applying these adjustments. Smaller models such
as Qwen-0.5B and Qwen-1.8B require about 0.67 secs,
whereas medium-scale models like Qwen-4B and Qwen-7B
take 0.69-0.72 secs. Larger transformer models includ-
ing Yi-9B, Llama2-13B, and Qwen-14B exhibit profiling
times between 0.74—0.79 secs, while the heaviest Mixture-
of-Experts (MoE) models (Qwen-MoE-14.3B, DeepSeek-
V2-Lite-16B) reach up to 0.94-0.97 secs. The results con-
firm that once the compilation overhead is removed, the
KVCache profiling time follows a predictable linear trend
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Figure 8. Strong linear relationship between model size and CUDA
graph capturing time.

with model size (PCC = 0.92), except for MoE models. Non-
MOoE models show a strong linear dependency on model
size, consistent with expectations, since this step performs a
dummy forward pass whose duration grows proportionally
with the number of parameters shown in the inset that ex-
cludes fitting for the MoE models. In contrast, MoE models
deviate due to their dynamic expert activation and load-
balancing mechanisms, which introduce additional profiling
complexity during the dummy run (Huang et al., 2024; Mu
& Lin, 2025). Characterizing these non-linearities remains
part of our ongoing work.

Summary: KVCache profiling scales linearly with the
transformer model parameter size. MoE models deviate
from this trend due to expert routing and varying activa-
tion patterns.

2.6 CUDA Graph Capturing

The final step of vLLM’s startup process is CUDA graph
capturing. During this step, VLLM performs a dummy for-
ward pass to record the execution of inference kernels (in-
cluding memory allocations, attention computations, and
other CUDA operations) into a CUDA graph during the
startup process. This graph encodes the exact sequence of
GPU operations required for inference. Once captured, the
graph can be replayed efficiently without re-launching indi-
vidual kernels, significantly reducing CPU-GPU synchro-
nization overhead and kernel launch latency. This makes
CUDA graph capturing particularly important for achieving
high inference throughput and low latency in production
environments (Alan Gray, 2019).

To see the influence of different parameters on this step,
we conduct two experiments. Figure 8 shows the first one,
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Figure 9. CUDA graph capturing time for different batch sizes
using the Llama2-7B (Touvron et al., 2023) model.

where we measure CUDA capturing time for different mod-
els with different sizes. We observe that as the model size in-
creases, so does the capturing time confirming a linear trend
with PCC = 0.99. For instance, In Figure 8, Qwen-0.5B
takes about 0.91 secs, while Qwen-MoE-14.3B requires
around 1.51 secs for capturing.

In the second experiment, as shown in Figure 9, we analyze
the effect of the batch size on the capturing time. Motivated
by the fact that CUDA Graph capturing must be performed
separately for each unique batch size (CUDA Graphs, 2025),
we measure the capturing time for a single model, Llama2-
7B (Touvron et al., 2023), using a range of batch sizes.
The results show a familiar trend. The time for capturing
the graph increases from 0.33 secs with three batch sizes to
1.8 secs with 60 batch sizes. These numbers reveal a gradual
increase in capturing time as both model size and batch size
grow, showing a linear relationship with PCC = 1.

By examining the inset graphs in both figures, we can de-
duce a clear linear relationship between the capturing time
and the two parameters: model size and batch size. In both
cases, the graphs demonstrate a steady increase in capturing
time as either the model size or batch size increases.

Summary: CUDA graph capturing time scales linearly
with both model size and the number of batches to be
captured.

2.7 Summary

Our breakdown of vVLLM’s startup process reveals distinct
and quantifiable dependencies across all six foundational
steps to vLLM-internal (runtime initialization), and model-
dependent (size, complexity, architecture) factors. We be-
lieve that these are foundational steps, and new releases of
vLLM will not invalidate our insights but will build on them.
Together, these observations demonstrate that each startup
step has clear and interpretable scaling trends with respect
to specific parameters. This systematic characterization
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Figure 10. Startup steps comparison between H100 (n1) and L40S
(n2) GPUs. All values are normalized to the H100 baseline.

establishes a strong empirical basis for modeling startup
latency analytically to help build a predictive scheduler for
a serverless autoscaler (§4).

3 IMPACT OF BENCHMARKING
ENVIRONMENT

In this section, we analyze the impact of the bench-
marking environment (e.g., GPU, CPU, storage) and
different configurations on our findings from §2. We
also examined additional factors—-including container-
ization with Docker, varying PyTorch and Python ver-
sions, and modifying common runtime configuration
flags (e.g., ——max-model-1len and OpenAl-compatible
vLLM arguments)—-but observed no measurable or statisti-
cally significant impact on startup time and are thus omitted
from discussion here.

3.1 Impact of Different GPUs

To validate the resource dependency findings presented
in Figure 2, we repeat the previous experiments on node
n2, which has the same system configuration as n1 but
with L40S GPU instead of H100 (see Table 2). These ex-
periments are done on the first ten models listed in Table 1.
Figure 10 illustrates the average speedup of each startup
step across all evaluated models, calculated as the ratio of
startup time on the H100 to the L40S (the y-axis).

As shown in the figure, most steps exhibit almost no
speedup, indicating negligible performance gains when us-
ing the H100 over the L40S. The only notable exception
is CUDA Graph Capturing, which demonstrates a speedup
of 1.2x due to the forward pass run on the GPU during
this step. These results are consistent with our earlier ob-
servations in Figure 2, reinforcing the conclusion that the
startup process is predominantly CPU-bound. Notably, de-
spite the different GPU architecture, and the H100’s signifi-
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Figure 11. Comparison between AMD EPYC 9354 (n1) and In-
tel Xeon Platinum 8568Y+ (n3) CPUs with H100 GPUs.

cantly higher theoretical TFLOPs throughput compared to
the L40S, (Liquid Web, 2025; Vast Al, 2024), this advan-
tage does not translate into faster overall startup time. This
observation indicates that the GPU performance has limited
impact on the startup process.

3.2 Impact of Different CPUs

To further validate that vLLM’s startup process is predomi-
nantly CPU-bound, we conduct experiments comparing en-
vironments with identical GPUs but different CPUs. Specif-
ically, we compare our main node n1 (AMD EPYC 9354
+ NVIDIA H100), against node n3, equipped with an Intel
Xeon Platinum 8568Y+ CPU and H100 GPU.

As shown in Figure 11, changing the CPU has a noticeably
higher impact on startup time than changing the GPU (§3.1),
reinforcing our earlier conclusion that the startup process is
largely CPU-bound. However, the direction and magnitude
of speedups across substeps varied considerably. For ex-
ample, n1 outperforms n3 in Tokenizer Initialization, and
Model Initialization, while n3 is faster in Graph Capturing
and Dynamo Transformation. The same experiment is also
conducted between node n2 and another node n4, equipped
with Intel Xeon Gold 5520+ CPU and the same L40S GPU.
Similarly, relative performance across steps fluctuates rather
than following a consistent trend; the corresponding figure
is omitted for space.

To better understand CPU involvement during the startup
process, we monitored the utilization of individual CPU
cores over time using a sampling interval of 100 ms. Fig-
ure 12 shows the per-core utilization during the startup of the
Qwen-4B (Bai et al., 2023) model. The heatmap shows that
at any given time, at least one CPU core reaches full (100%)
utilization, indicating that vVLLM continuously keeps one
core saturated throughout the startup process. In contrast,
there are very few instances where more than two cores are
simultaneously fully utilized, suggesting that most startup
operations are sequential or involve limited parallelism.

CPU Usage (%)

Time (s)

Figure 12. CPU usage per core over time during vLLM startup for
the Qwen-4B model. Sampling interval: 100 ms.

Overall, while these results confirm that CPU choice has
a substantial effect on the vLLM startup latency, a pre-
cise attribution of the performance differences to the CPU
(micro)architectural and systems-level factors (scheduling,
runtime) remains part of our ongoing analysis.

3.3 Impact of SSDs

Our previous experiments used model weights and other
configuration files cached in the warm Linux buffer mem-
ory (DRAM). To study the impact of loading directly from
storage (SSDs), we repeat the experiments after flushing the
buffer cache between runs, forcing all reads to be from the
SSD. We conduct these experiments on node n 3, equipped
with an LVM volume spanning with mirroring four PCle
5.0 SSDs, delivering read and write throughput of 25 and
15 GBY/s, respectively with f£io for large I/O transfers. In
this experiment, we use the first ten models listed in Table 1,
each repeated five times to account for variations. Figure 13
summarizes the averaged results across models, normalized
to the DRAM baseline.

As expected, the only step that has a significant impact due
to the data loading from SSDs is the Model Loading step.
It slows down by a factor of 0.5x. The use of SSDs has
minimal impact on all other steps, indicating that storage
I/0 does not significantly affect CPU-bound steps such as
compilation or profiling. However, despite this considerable
relative improvement in the weight-loading step, the overall
startup time improves by only 1.04x. This modest total
gain arises because the loading step constitutes only about
7-10% of the total startup duration in our measurements.

3.4 Impact of Model Weights’ Loading Methods

vLLM supports multiple methods for loading model weights,
each adopting distinct serialization and deserialization strate-
gies. To understand how these methods affect startup la-
tency, we evaluate three supported baselines: (i) Safeten-
sors is the default method used in our previous experiments,
and it serves as the baseline (HuggingFace, 2025). It stores
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Figure 13. Impact of running the startup process while the model
weights are retrieved from storage (SSD).

mmm Safetensors
3.5 B Coreweave Tensorisze
BN Runai Streamer

Model Loading Time (s)

Llama2-13B Yi-6B

Llama2-7B Falcon-7B

Figure 14. Model loading times across four models using different
loading backends.

model tensors as pre-serialized binary files that are memory-
mapped and loaded directly into CPU memory before GPU
transfers. (ii) Run:ai Model Streamer enables concurrent
reading and streaming of tensors directly into GPU memory,
reducing I/O bottlenecks (Run-Al, 2025). (iii) CoreWeave
Tensorizer uses a custom serialization format optimized for
fast deserialization, allowing tensors to load directly into
GPU without intermediate CPU staging (CoreWeave, 2025).

As shown in Figure 14, the Model Loading step exhibits
substantial variation across different loading methods. Ten-
sorizer consistently achieves the lowest latency, loading
models up to 53-60% of Safetensors’ time, while Run:ai
Model Streamer provides moderate gains due to overlap-
ping I/O and GPU transfers. These results demonstrate that
weight loading is one of the few I/O-sensitive components
of the startup process, and that optimizing data streaming
and deserialization can yield meaningful reductions in the
total startup time.

3.5 Impact of Non-Cached Compiled Graphs

By default, vLLM caches the compiled computation graphs
generated during the torch . compile step after the first
run, enabling subsequent runs to bypass costly graph trans-
formations. To quantify the cost of a completely cold start,
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Figure 15. Strong linear relationship between compiled graphs size
(shown in parentheses) and storing compiled graphs time.

we disable this cache by setting the environment variable
VLLM DISABLE_COMPILE_CACHE=1, forcing vVLLM to
regenerate and store all compiled graphs at runtime. As
shown in Figure 15, disabling the cache dramatically in-
creases the latency of this step. The total graph storing
time ranges between 11-21 secs across models, compared
to 3—6 secs when cached (see Figure 6). Furthermore, as
observed earlier, the compilation cost scales nearly linearly
(PCC = 0.95) with the size of the compiled graphs, similar
to our results in §2.4.

4 ANALYTICAL PREDICTOR

Building on our detailed breakdown of VLLM’s startup
process, we now introduce a white-box regression-based
analytical predictor for non-MoE models. This predictor
estimates startup latency based on the model configurations
and environment characteristics that we studied in §2 and
§3. Figure 16 shows the overall working of the predictor
consisting of the following four steps: (i) gathering of model
configuration information for desired models; (ii) automated
running of vVLLM with models to collect the startup latency
timing data from logs (takes typically a few hours); (iii)
training step-specific predictors for the environment; and
(iv) predicting the startup time.

Beyond estimating cold-start latency, the predictor serves
as an interpretable conceptual model of the startup process
that practitioners can use to reason about vLLM’s startup
behavior. For example, when diagnosing performance re-
gressions or unexpected results, such as (vVLLM Project,
2025b), the predictor provides a step-wise baseline against
which empirical measurements can be compared, helping to
identify the stages responsible for the slowdown. In addition,
its step-wise structure enables estimating the performance
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Figure 16. Workflow of the proposed predictor.
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Figure 17. Validation of the predictor against measured startup
latency across different models.

of optimizations that reuse parts of the initialization path.
For instance, we confirm that the predictor can be used
to estimate the performance of fast model re-initialization
mechanisms such as vLLM’s sleep mode, and that its esti-
mates match the performance trends reported by the vLLM
developers (vLLM, 2025).

Design Rationale. Our key insight from §2 is that each
startup step exhibits a simple and often near-linear depen-
dency on its corresponding parameters, such as model size
for weight loading and graph size for compilation. Lever-
aging this observation, we design a white-box decomposed
predictor: a lightweight regressor for each startup step,
trained independently using linear regression. This modular
formulation preserves interpretability, as the contribution of
each parameter remains explicitly visible in its respective
step model, while collectively achieving strong predictive
accuracy when aggregating across steps.

An alternative approach here would be to build a monolithic
black-box predictor that jointly captures the dependencies
between all model- and vLLM-specific parameters. While
such a global neural predictor could, in principle, learn these
intricate interactions, it would increase complexity, and lack
interpretability, thus making it difficult to attribute latency
variations to specific model factors or startup steps (Molnar,
2020; Lipton, 2018). In contrast, our white-box approach
enables us to retrain only specific step-specific regressors
when a new model or hardware becomes available.

Validation. We report the accuracy of the predictor. We

use all non-MoE models listed in Table 1, reserving Falcon-
11B, Gemma-7B, Mistral-7B, Llama3-3B and Qwen-7B for
validation and the remaining models for training the pre-
dictors. For each model, we ran the vLLLM startup process
five times, averaged the results, and used the data to fit the
step-specific predictors. The final predictions are compared
against the measured values in Figure 17. Despite its sim-
plicity, the predictor achieves strong accuracy, with a mean
squared error (MSE) of 2.42 secs and a maximum error
of 2.08 secs, observed for Llama3-3B. We have also run
and validate the predictor on v0 .11, released on Oct nd
and report that our approach and predictor are still accurate
(MSE of 2.62 secs), further validating the approach taken in
this work for the analysis and modeling of vLLM’s startup
process.

S DISCUSSION

Benchmarking Scope. In a distributed inference service
(e.g., serverless inference), cold-start latency is the result
of multiple interacting factors: (i) distributed-environment
overheads, such as networking, remote storage accesses, and
container retrieval; (ii) node-local dynamics, including PCle
contention, OS scheduling, and container initialization; and
(iii) the inference engine startup itself. Our study focuses
on factor (iii), the vLLM engine initialization. We design
our experimental setups so that the engine startup becomes
the dominant bottleneck, thereby minimizing noise from
external system components. The hardware and software
stack used in our evaluation reflects a typical mid- to high-
end GenAl deployment, where CPU-side processing is the
primary contributor to startup latency. While factors (i) and
(ii) are important in real-world distributed environments,
they are orthogonal to the engine-level dynamics analyzed in
this work. A full end-to-end characterization that integrates
all factors is an important direction for future research.

Longevity of Insights. vLLM evolves rapidly, with fre-
quent architectural changes that may alter the relative cost
of individual startup steps. While such changes may require
retraining of affected step-specific regressors, the modular
nature of our predictor confines this retraining to localized
components rather than the entire model. More importantly,
our primary contribution lies in the methodology used to
decompose and analyze the startup process, rather than in
any specific parameter values. The six foundational steps
identified in Figure 2 capture fundamental operations that
are inherent to modern inference engines. Even as vLLM
continues to evolve, these stages and their relationships to
underlying computational and I/O factors remain grounded
in persistent system principles. As a result, we expect the
decomposition and analysis methodology to remain appli-
cable, with only parameter re-tuning required to adapt to
future vLLM versions.
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Generalizability. The identified six steps correspond to
the core initialization stages that are present across post-
V1 vLLM releases, and similar startup phases have been
reported in concurrent analyses of containerized inference
services (Incubation, 2025). Moreover, our experimental
findings remain consistent across a diverse set of config-
urations, including two GPU types, two CPU platforms,
22 models, and multiple versions of Python and PyTorch.
These results suggest that the observed scaling trends and
step-level behaviors are not tied to a single hardware or
software stack, but instead reflect more general properties
of modern LLM inference systems.

Assumption of Linearity. Our predictors assume predomi-
nantly linear relationships between model parameters and
step latency. While justified by empirical evidences in §2,
certain nonlinear behaviors found in MoE, SSM-transformer
hybrid, diffusion models require more expressive analysis to
capture their performance profile. Fortunately, this analysis
is restricted to the KVCache Profiling step only.

Measurement Noise. The accuracy of the proposed predic-
tor is inherently tied to the characteristics of the underlying
CPU-GPU hardware and the conditions under which the
data was collected. Predictors may need to be re-trained
when deployed on substantially different infrastructures.
Furthermore, training data was gathered under controlled
experimental conditions; real-world deployments may expe-
rience background workload interference, NUMA effects,
or scheduler contention that introduce additional noise not
captured by our measurements. Additionally, timing analy-
sis relies on vVLLM’s internal logging granularity, which can
add up to hundreds of milliseconds of measurement error.
To mitigate this, we averaged results over multiple runs, yet
minor deviations may remain.

6 RELATED WORK

Prior studies have explored cold start latency in the context
of both traditional serverless platforms and emerging LLM
inference systems. Early works such as SAND (Akkus
et al., 2018) and SEUSS (Fuerst & Sharma, 2021) ad-
dressed general-purpose function startup overhead through
lightweight containerization and runtime reuse. Other works
in this domain focus on forecasting or avoiding cold start oc-
currences, rather than predicting their duration (Shiekhani
et al., 2025; Golec et al., 2024; Jegannathan et al., 2022;
Nguyen et al., 2025). More recent efforts around LLMs, in-
cluding Sarathi-Serve (Agrawal et al., 2024), Llumnix (Sun
et al., 2024), and DistServe (Zhong et al., 2024), investi-
gate the throughput-latency tradeoff in large-scale model
serving but primarily focus on steady-state inference rather
than startup costs. With the emergence of scalable con-
tainerized LLM services, several works target cold start
latency as a first-class optimization goal. For example,

ParaServe (Lou et al., 2025) focuses on reducing model
fetching and initialization delays in serverless LLM serving
by overlapping parameter loading across GPU servers and
exploiting pipeline parallelism. TIDAL uses fine-grained
execution tracing to generate adaptive templates that bypass
much of the cold start overhead in serverless settings (Cui
et al., 2025). ServerlessLLM introduces techniques such
as multi-tier checkpoint loading, locality-aware schedul-
ing, and live migration to minimize delays before readi-
ness (Fu et al., 2024). CSGO targets cold start latency in
edge-distributed LLM systems by dynamically partition-
ing models and overlapping model loading, computation,
and communication (Liu et al., 2025). Medusa accelerates
serverless LLM inference by materializing frequently used
execution states, enabling rapid function startup and reuse
across invocations (Zeng et al., 2025).

In comparison to the past literature, our work is the first
to systematically decompose and analyze the startup pro-
cess of VLLM, a popular open-source inference engine used
widely. While prior works examined isolated factors such
as model loading or CUDA graph capturing, we provide a
holistic breakdown across all startup steps and demonstrate
the predominance of CPU-bound bottlenecks. Furthermore,
our analytical predictor extends prior measurement studies
by offering a practical, interpretable model for predicting
cold start latency under varying hardware and software con-
figurations. To the best of our knowledge, this is the first
predictor that estimates the startup latency of an LLM infer-
ence engine in an interpretable and modular manner.

7 CONCLUSION

In this paper, we presented the first systematic characteriza-
tion of vLLM’s startup latency. By decomposing the startup
process into six key steps, we identified dominant bottle-
necks and quantified their dependence on different model
and hardware configurations. Our analysis showed that
startup latency is largely CPU bounded and only marginally
affected by GPU performance. Building on these findings,
we proposed a regressor-based modular analytical predic-
tor that estimates startup latency with high accuracy using
model and system parameters.

In future work, we plan to integrate this predictor into real-
world serverless orchestration frameworks to enable proac-
tive cold start mitigation in multi-tenant environments. Ad-
ditionally, our step-wise decomposition opens directions
for further optimization, such as overlapping or paralleliz-
ing steps like torch.compile, KVCache profiling, and
CUDA graph capturing. These extensions can help reduce
startup latency even further, advancing toward adaptive,
scalable, and low-latency LLM serving systems.
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A ARTIFACT APPENDIX
A.1 Abstract

The artifact contains code and scripts required to reproduce
the profiling experiments presented in the paper. The artifact
is based on vVLLM v0.10.1.1 with additional profiling
logs. It includes scripts to download all evaluated LLMs
mentioned in Table 1, apply modifications to the vLLM
runtime to include additional logs, and reproduce all figures
from the paper automatically.

The provided workflow installs dependencies, downloads
the required models, and executes figure-specific scripts
to reproduce the experimental results. Each figure can be
reproduced using a unified script interface. Some figures re-
quire multiple GPUs or machines to match the experimental
setup.

A.2 Artifact check-list (meta-information)
* Program: Python, vLLM-based profiling scripts
* Binary: Pretrained LLM models
* Model: Multiple HuggingFace LLMs (~600GB total)
* Run-time environment: Linux, Python 3.11, CUDA 12.x

¢ Hardware: NVIDIA H100, L40S GPUs; AMD EPYC and
Intel Xeon CPUs

* Execution: Bash & Python scripts per figure

* Metrics: Throughput, latency, memory, and loading times
* Output: PDF figures

» Experiments: Figure reproduction scripts

* How much disk space required (approximately)?:
~600GB

* How much time is needed to prepare workflow (approxi-
mately)?: 1-2 hours (model downloads)

* How much time is needed to complete experiments (ap-
proximately)?: Several hours to a day depending on hard-
ware

 Publicly available?: Yes

Code licenses (if publicly available)?: Apache 2.0

Data licenses (if publicly available)?: HuggingFace model
licenses

* Workflow automation framework used?: Bash and Python
scripts

Archived (provide DOI)?: 10.5281/zenodo.19591523

A.3 Description
A.3.1 How to access
The artifact is publicly available on GitHub:

https://github.com/upb-cn/vllm-startup-profiler

A.3.2 Hardware & Software dependencies

The experiments were conducted on multiple GPUs and
CPUs. The detailed configurations used are summarized in
Table 2

A.3.3 Models

The artifact uses pretrained LLM weights downloaded from
HuggingFace. The full set of models requires approximately
600 GB of disk space. A HuggingFace access token is re-
quired, and some models may require manual access ap-
proval.

Models are downloaded via:

python3 download_models.py <hf_token>

A.4 Installation

1. Clone the repository:

git clone https://github.com/u
pb-cn/vlilm-startup-profiler
cd vllm-startup-profiler

2. Install dependencies:
pip install -r requirements.txt
3. Apply custom vLLM modifications:
python3 apply_vllm_changes.py
4. Download all required models:
python3 download_models.py <hf_token>
A.5 Experiment workflow
All figures can be reproduced using:

cd figures
bash run_figure.sh <num>

Where <num> is one of:

1, 2, 7, 9, 10, 11, 12, 13, 14,
15, 17, rest

The output figure will be generated at:
figures/figure—-<num>/figure<num>.pdf

Special cases:

* Figure 1: Requires multiple vLLM versions using
virtual environments.
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* Figure 10: Requires two GPUs or two machines.
* Figure 11: Requires two different CPU systems.
* Figure 13: Compares RAM vs. SSD loading and
requires cache clearing with sudo privileges.
A.6 Evaluation and expected results

Each script produces a PDF figure corresponding to the
figures presented in the paper.

Due to hardware differences, results may exhibit small nu-
merical variations. However, the overall trends, relative per-
formance differences, and main conclusions should match
those reported in the paper.

Successful reproduction is confirmed when:

 Scripts complete without errors.
e Qutput figures are generated.

* Trends align with the published results.

A.7 Methodology

Submission, reviewing and badging methodology:

* https://www.acm.org/publications/p
olicies/artifact-review—and-badgin
g—-current

e https://cTuning.org/ae
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