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ABSTRACT
Serverless computing is an attractive paradigm for cloud-based large language model (LLM) inference, but
scaling LLMs on demand remains a major challenge due to high data transfer cost. We present FaaScale, a
serverless LLM system that enables fast and resource-efficient model scaling. The key idea is a co-design
principle—pipelined multicast inference—which synergizes multicast with dynamic, cross-node pipeline-parallel
execution during model transfer. FaaScale implements this design through PipeCast, a model scaling scheme
that adaptively multicasts model blocks and dynamically forms inference pipelines on the fly. Coupled with
efficient memory management across GPU and host memory, FaaScale handles bursty LLM inference workloads
effectively, achieving up to 5× lower tail time-to-first-token latency and 31.3% cost reduction on real-world LLM
traces.

1 INTRODUCTION
Recent advancements in machine learning (ML) and arti-
ficial intelligence (AI) have fueled a surging demand for
cloud-based ML inference services (Zhang et al., 2023;
2019; Shen et al., 2019; Choi et al., 2022; Gujarati et al.,
2020). Serverless computing has emerged as a com-
pelling paradigm for handling inference workloads. In
this paradigm, users can deploy their models as inference
endpoints and query these services through API calls; the
serverless platform automatically scales resources to accom-
modate dynamic inference requests and multiplex resources
among a large number of models from various users (Al-
ibaba, a; Yang et al., 2022; Yu et al., 2021; Ali et al., 2020;
Fu et al., 2024; Wang et al., 2024). Additionally, serverless
inference platforms charge users only for actual resource
usage, delivering substantial cost savings given the high
expense of GPUs. Owing to these benefits, serverless in-
ference has been widely adopted by leading ML platforms,
such as Amazon SageMaker Serverless Endpoints (AWS,
c), Alibaba Serverless GPU (Alibaba, a), and Hugging Face
Serverless Inference Endpoints (HuggingFace, b).

However, the rapid adoption of large language models
(LLMs) presents fundamental challenges for serverless in-
ference platforms, characterized by three key properties.

*Equal contribution. 1The Chinese University of Hong Kong,
Shenzhen 2University of Virginia 3Hong Kong University of Sci-
ence and Technology 4Alibaba Group 5Nokia Bell Labs. Cor-
respondence to: Minchen Yu <yuminchen@cuhk.edu.cn>, Yue
Cheng <mrz7dp@virginia.edu>.

Proceedings of the 9 th MLSys Conference, Bellevue, WA, USA,
2026. Copyright 2026 by the author(s).

(1) Bursty request patterns: Our analysis of production
LLM traces reveals that these workloads exhibit extremely
bursty request arrival patterns, e.g., with request rates spik-
ing by over an order of magnitude within seconds (see §2.2).
These rapid fluctuations require fast, sub-second scaling of
model-serving instances across tens or hundreds of nodes
to maintain low inference latency and meet service-level
objectives (SLOs). (2) Large resource footprint: A single
LLM often requires substantial GPU memory resources up
to hundreds of GB, e.g., 140 GB of memory for Llama-70B.
Deploying such a LLM service incurs high startup delays
of several minutes due to prolonged model loading and ini-
tialization, i.e., cold starts. (3) Model proliferation: The
number of fine-tuned LLM variants is surging—for example,
Hugging Face hosts over half a million fine-tuned LLMs,
with the number growing exponentially (Wang et al., 2025).
Meanwhile, serverless inference platforms promise to sup-
port any user-uploaded models from model hubs (AWS, c;
HuggingFace, b; Alibaba, a). This extreme diversity im-
poses resource pressure: the aggregate memory demand
often far exceeds GPU cluster capacity, forcing frequent
model eviction/reloading, which worsens cold start delays.

These challenges create a trilemma for serverless inference
platforms: the combination of massive per-model resource
demands and the ever-growing number of fine-tuned variants
makes cold starts prohibitively expensive, severely limiting
platforms’ capacity of fast scaling to accommodate bursty
inference workloads. Current approaches to mitigate cold
starts employ three main strategies, but each falls short under
real-world conditions. (1) Remote loading: Systems like
Hugging Face inference endpoints (HuggingFace, b) fetch
models on demand from remote registries or object stores



(e.g., S3), but this introduces long network delays due to low
downloading bandwidth. (2) Over-provisioning: Platforms
like SageMaker Endpoints offer tenants the option to pin
already provisioned model instances even during periods of
low utilization (AWS, c;b), which compromises resource
efficiency and deviates from serverless’ core pay-per-use
pricing model. (3) Local caching: Others cache models in
local host memory or SSDs to reduce retrieval time (Yang
et al., 2022; ali; Bai et al., 2020; Yu et al., 2025a; Fu et al.,
2024; Alibaba, a; Brooker et al., 2023). However, as model
sizes grow and tenant diversity increases, this approach
suffers from poor cache hit rates and scalability limits (see
§2.3). None of these approaches achieves the right balance
of elasticity, scalability, and cost effectiveness needed to
support bursty, multi-tenant LLM inference workloads.

An efficient serverless inference platform should not settle
for the fundamental tradeoff between startup latency and re-
source overprovisioning. Ideally, it should scale out rapidly
in response to load spikes without incurring additional re-
source costs. Fast model scaling is achievable through two
key insights. First, modern GPU clusters employ high-speed
network interconnects (e.g., 400Gbps with RDMA capabil-
ity) (Hu et al., 2024; Kundu et al., 2024; Azure), providing
opportunities for efficient model multicast. Second, model
inference can begin as soon as partial model parameters
are received, enabling collaborative, distributed inference
execution across multiple nodes during model multicast.

Building on these insights, we build FaaScale, a scalable
serverless LLM inference platform that delivers fast and
resource-efficient model scaling. A key design principle be-
hind FaaScale is the synergistic co-design of scalable model
multicast and pipelined inference execution. By dynami-
cally coordinating model multicast with pipeline parallel
execution, FaaScale enables distributed inference to begin
while the model is being transferred, significantly reducing
request waiting. We refer to this principle as pipelined mul-
ticast inference, where model distribution and execution are
tightly overlapped to minimize startup latency and enhance
scalability under dynamic workloads.

To implement this principle, FaaScale introduces PipeCast,
a novel scheme for fast model scaling. PipeCast parti-
tions models into fine-grained blocks for efficient, binomial-
pipeline-based multicast, and dynamically constructs infer-
ence execution pipelines across multiple nodes during model
transmission, thereby enabling immediate collaborative ex-
ecution as blocks arrive. PipeCast incorporates three key
designs. (1) Inference-aware Model Multicast: PipeCast
proposes an efficient model multicast algorithm based on
the binomial pipeline (Behrens et al., 2018; Ganesan & Se-
shadri, 2005) algorithm, which optimizes the granularity and
transfer order of model blocks to enable the rapid construc-
tion of execution pipelines, thus improving overall inference

performance. (2) Pipelined Inference Execution: PipeCast
dynamically groups GPU nodes along the multicast route
to form execution pipelines at runtime, effectively reduc-
ing the time to first token (TTFT) and improving overall
throughput. (3) Mode Switching: PipeCast allows nodes to
switch to the local execution mode after receiving the full
model, eliminating cross-node communication overhead.

Beyond PipeCast, FaaScale proposes two key system de-
signs for efficient model management and inference execu-
tion. (1) Locality-driven Model Startup: FaaScale proposes
a multi-level model startup mechanism that dynamically
adapts to storage locality (e.g., GPU or host memory). It also
enables GPU-resident and host-memory-cached model in-
stances to collaborate in scaling for improved overall perfor-
mance. (2) Efficient Memory Management: FaaScale im-
plements a unified memory management system that seam-
lessly consolidates data within model blocks for efficient
bulk transfer. It also supports GPU memory pre-allocation
to reduce runtime overhead. Together, these designs en-
able FaaScale to effectively leverage available resources,
delivering superior scaling performance.

To summarize, we make the the following contributions:

• We introduce the pipelined multicast inference design
principle for serverless LLM platforms.

• We develop PipeCast, a novel model-scaling scheme that
integrates model multicast with pipeline execution for
optimized scaling performance.

• We have built FaaScale, a serverless LLM inference sys-
tem that implements PipeCast and other system optimiza-
tions to enable fast and resource-efficient model scaling.

• We have thoroughly evaluated FaaScale against state-
of-the-art solutions including ServerlessLLM (Fu et al.,
2024), FaaSNet (Wang et al., 2021), and NCCL (NVIDIA,
b), where FaaScale achieves 2.4×-5× improvement in
P90 TTFT latency and reduces GPU costs by 17.8%-
31.3% on real-world LLM inference traces (Wang et al.,
2024).

2 BACKGROUND AND MOTIVATION
2.1 Basics of LLM Inference
LLM inference services are increasingly adopted in modern
ML platforms, which autoregressively generate text output
token by token from a user input (prompt) until reaching the
end-of-sequence (EOS) token or the maximum token limit.
As each token depends on prior context, the model typically
uses a KV cache (Kwon et al., 2023a) to cache the context
from previous computations. Tokens are streamed to the
user as they are produced, enabling real-time interaction.
Performance is typically measured by time-to-first-token
latency or TTFT (time to generate the first token) and tokens-
per-second or TPS (token generation throughput).

2



0 240 480 720
Time (minutes)

0

80

160

#R
eq

ue
st

s
(n

or
m

al
iz

ed
) BurstGPT

0 240 480 720
Time (minutes)

0

20

40

60

#R
eq

ue
st

s
(n

or
m

al
iz

ed
) XYZ

0 1000 2000 3000
Time (minutes)

0

6

12

18

# 
R

eq
ue

st
s

(N
or

m
al

iz
ed

)

0

2

4

6

# 
In

st
an

ce
sRequests

Instances

Figure 1: Request rates of three representative serverless LLM inference traces: BurstGPT (Wang et al., 2024) (a) and XYZ
(b)-(c). (c) depicts the request rate of a representative tenant and the number of overprovisioned model instances over time.

2.2 Serverless LLM Inference and Its Characteristics
Recently, serverless computing has emerged as a compelling
option for hosting model inference services—often termed
“serverless inference” (Yang et al., 2022; Yu et al., 2021;
Zhang et al., 2019; Ali et al., 2022; 2020; Hong et al.,
2024; Fu et al., 2024; Romero et al., 2021; Lv et al., 2025).
This approach abstracts away infrastructure management
tasks, allowing users to simply publish models as infer-
ence endpoints while the platforms automatically handle
provisioning, resource scaling, and fault tolerance. Server-
less inference is also economically attractive: the platform
can efficiently multiplex resources across a wide variety of
models, delivering high resource utilization; users are billed
based on actual resource usage at a fine granularity, enabling
substantial cost savings given the high expense of GPUs
and dynamic inference workloads (Shen et al., 2019; Zhang
et al., 2023; Gujarati et al., 2020; Han et al., 2022; Lee et al.,
2018; Kosaian et al., 2019; Romero et al., 2021; Crankshaw
et al., 2017; Choi et al., 2022). These advantages have led
to a growing trend of serverless LLM inference services (Fu
et al., 2024; Zeng et al., 2025; HuggingFace, a).

However, LLM inference significantly amplifies the cold
start problem in serverless platforms due to three reasons.
First, real-world LLM inference services often need to
handle dynamic and bursty request patterns. As shown
in Fig.1, inference request rates from representative LLM
traces—XYZ (name anonymized), a leading global cloud
provider, and a regional Azure OpenAI GPT service (Wang
et al., 2024)—can surge by more than 10× within minutes.
Second, hosting LLM inference requires a large resource
footprint and incurs substantial model startup delays (e.g.,
several minutes), far exceeding the sub-second latency re-
quirements of typical inference services (Zhang et al., 2019;
Zhong et al., 2024). Third, the rapid proliferation of fine-
tuned LLM variants significantly strains platform resources.
Collectively, these factors pose fundamental challenges to
fast model scaling.

2.3 Problems of Existing Solutions
Solution#1: Loading remote models. Existing platforms
such as Hugging Face inference endpoints (HuggingFace, b)
launch model-serving instances by retrieving model param-
eters from remote model registries or storage services (e.g.,
S3) to GPU nodes. However, the large resource footprint of

LLMs results in significant overhead during remote model
loading (§2.2). This overhead is further exacerbated by par-
allel model loading due to network bandwidth contention
and registry throttling (Wang et al., 2021), rendering this
approach unsuitable for real-time inference services.

Solution#2: Overprovisioning GPUs. To mitigate the cold
start problem, existing serverless inference solutions opt to
overprovisioning an excessive number of active function in-
stances with reserved GPUs, even when these instances are
idling (AWS, a; Yang et al., 2022; Alibaba, b). For example,
XYZ preprovisions serverless LLM instances with bound
GPUs to reduce cold starts (see Fig. 1(c)). Overprovisioning
results in substantial GPU idling and resource waste dur-
ing periods of low demand, which directly contradicts the
pay-per-use model fundamental to serverless computing (Yu
et al., 2025a).

Solution#3: Caching models in host memory and SSDs.
Recent studies propose to cache models in host memory and
then load them into GPU upon request arrivals (Bai et al.,
2020; Jeong et al., 2023; Fu et al., 2024; Yu et al., 2025a).
While this approach reduces the reservation cost compared
to GPU overprovisioning, it still fails to achieve fast scaling
in large-scale, multi-tenant serverless GPU clusters due to
three key factors. (1) The dynamic and bursty nature of
inference workloads often requires concurrent executions
of a model on many nodes. (2) Large-scale platforms typi-
cally host thousands—or even tens of thousands—of LLMs
with substantial host memory consumption (§2.2). (3) Each
node has limited host memory (e.g., up to 100s of GBs),
which is often insufficient to accommodate even a few large
models. As a result, platforms frequently encounter host
memory cache misses and must fall back to slower NVMe
storage, significantly degrading model scaling efficiency.
Our measurements (see testbed in §7.1) show that loading
a Llama-70B model from an SSD to a GPU takes over 30
seconds even with optimized implementations—an order of
magnitude slower than loading from host memory.

Short model keep-alive time in memory. To illustrate
this problem, we first examine how long a model instance
remains in memory before being evicted in a multi-tenant
inference platform. Each node’s memory is configured to
hold up to 3 models, while 12 models are stored in SSDs.
This configuration is based on the size of Llama-70B and
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the hardware specifications of our testbed (see §7.1). This
configuration is conservative compared to XYZ’s production
environment, where approximately 4,000 fine-tuned LLMs—
collectively requiring hundreds of TB of memory—compete
for just 20 TB of aggregate CPU memory cache, resulting
in an even lower cache-to-workload size ratio. We set each
model’s per-node request rate to 1 per minute, which reflects
a typical request pattern in production serverless inference
platforms (Yu et al., 2025a). We use the LRU eviction policy
and depict the distribution of model’s keep-alive times in
Fig. 2. As we can see, models are frequently reloaded and
evicted from memory, with over 95% of them staying in
memory for fewer than 15 seconds before being evicted.

High cache miss ratio. Next, we measure the cache miss
ratio for models cached in memory by replaying the two
traces shown in Fig. 1. Based on the findings of Fig. 2, we
set models’ keep-alive time to 15 seconds—the tail of the
distribution. Fig. 3 shows the proportion of three loading
cases across the two traces: model load from memory, model
load from SSD, and a hot start (w/o load). We observe
that SSD loads (i.e., cache misses) account for 64% and
36% across the two traces, respectively. This indicates that
relying on memory caching alone is inadequate, resulting
in a significant portion of slow model loads from SSDs or
even remote storage, which severely impacts scalability and
user experience.

3 FAASCALE OVERVIEW
High-speed interconnects in modern GPU clusters enables
rapid transfer of large models, making fast model multi-
cast feasible. Additionally, cooperative, pipelined inference
during model transmission creates opportunities to further
reduce cold-start latency and improve throughput under load
surges. Following these insights, we introduce FaaScale,
a serverless LLM inference system for fast and efficient
model scaling.

Fig. 4 depicts a high-level overview of the FaaScale de-
sign. FaaScale runs a cluster manager to dispatch end-
user prompt queries to worker nodes, manage global re-
sources, and coordinate model scaling and pipeline exe-
cution. FaaScale implements an efficient model scaling
scheme—PipeCast—on the model scaling and pipeline exe-
cution controllers. PipeCast supports a binomial-pipeline-
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Figure 4: FaaScale architecture overview. In this exam-
ple, one node initiates a multicast process to other nodes
for a model partitioned into four color-coded model blocks.
Each participating worker node transmits a model block in
a sequential step, pipelining and parallelizing transfer and
reception across network interconnect links. Each receiver
worker node may forward the blocks it has received to its
neighbors, depending on the multicast algorithm and topol-
ogy used.

based approach (Ganesan & Seshadri, 2005; Behrens et al.,
2018) for block-level model multicast. In this approach,
the nodes are organized into a hypercube communication
topology1, where each node transmits model blocks to its
adjacent nodes. The model scaling controller coordinates
fine-grained, block-level model distribution across partic-
ipating nodes2. Additionally, the pipeline execution con-
troller is responsible for distributing inference execution
across nodes during model scaling. Each worker node de-
ploys user-provided models as model-serving instances and
operates a node controller that synchronizes with the cluster
manager, reports local status, and coordinates node-level
tasks. FaaScale runs a model manager at each node to track
local resources such as GPUs and host memory and man-
age model instances. The model manager is responsible
for model execution and transmission tasks according to
the instructions of the node controller. It leverages GPUDi-
rect RDMA (GDR) (NVIDIA, a) to efficiently exchange
data across GPUs on different nodes, bypassing the data
movement through the host to GPUs. It also supports direct
access to models stored in remote memory via RDMA.

To achieve fast model scaling, FaaScale addresses two key
challenges. C1: Coordinated model multicast and infer-
ence execution. Existing multicast schemes (e.g., bino-

1This is achievable in real-world GPU clusters, which often
use optimized network topologies such as fat trees (Al-Fares et al.,
2008) to ensure efficient communication.

2Compared to other multicast solutions such as binary
tree (Wang et al., 2021), the binomial pipeline generally delivers
superior multicast performance (see §7 and the optimality analysis
in (Behrens et al., 2018; Ganesan & Seshadri, 2005)).
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mial pipelines (Behrens et al., 2018; Ganesan & Seshadri,
2005)) are designed for generic data transfer and are ag-
nostic to model-inference semantics. Naively applying
them cannot fully exploit parallel inference to maximize
computation-communication overlap. Additionally, infer-
ence should begin while models are partially loaded, requir-
ing efficient, dynamic configuration of inference pipelines at
runtime. Therefore, FaaScale adopts a synergistic co-design
of model multicast and execution, introducing an adaptive
multicast scheme and enabling dynamic generation of infer-
ence pipelines for improved end-to-end performance (see
§4). C2: Cross-storage-tier model management. Serverless
LLM platforms rely on multiple storage tiers (e.g., GPU
and host memory) to cache model instances. FaaScale coor-
dinates model instances across heterogeneous storage tiers
using optimized model and memory management schemes,
enabling efficient scaling while minimizing the overall re-
source footprint (see §5).

4 PIPECAST DESIGN
4.1 Design Rationale and Overview
PipeCast aims to efficiently support collaborative, dis-
tributed inference execution before nodes receive the entire
model. The key objective is to maximize the overall system
throughput—measured by tokens generated per second for
LLM inference—which in turn reduces request queueing
under load spikes. We design PipeCast based on a key prin-
ciple: synergizing scalable multicast with dynamic LLM
inference enables in-flight requests to be served as early as
possible.

PipeCast introduces the abstraction of a dynamic execu-
tion pipeline for distributed inference. The dynamic execu-
tion pipeline serves as a model-serving instance spanning
a dynamic fleet of GPU nodes that collectively maintain a
complete model and jointly perform pipeline parallelism
(Fig. 5). Inference requests are assigned to specific ex-
ecution pipelines, and the designated pipeline iteratively
computes all output tokens (Fig. 6 (a)). This minimizes
the amount of intermediate data exchanged between nodes
and eliminates the need to transfer the KV cache, ensuring
efficient distributed execution.

PipeCast provides efficient supports for elastic execution
pipelines through three key designs. First, PipeCast extends
the binomial pipeline to enable adaptive model multicast,
supporting fast model distribution under various scaling
scenarios and minimizing the time required to generate ex-
ecution pipelines. Second, PipeCast adopts an efficient
strategy to generate execution pipelines and fully leverage
the advantages of adaptive model multicast, which improves
overall inference performance. Finally, PipeCast allows
participating nodes to switch to local execution mode once
they have received the full model replica. In addition to
cross-node scaling, execution pipelines can also be applied

Algorithm 1 k-Way Transmission Strategy

Input: – k sub-groups {G0, . . . , Gk−1}
– b ordered model blocks {M0, . . . ,Mb−1}

Output:
– Block transfer orders for k sub-groups {O0, . . . , Ok−1}

1: l← ⌈b/k⌉ ▷ Size of block chunks
2: S ← {{Mj | j ∈ [l·i,min(l·(i+1), b)−1]} | i ∈ [0, k−1]}

▷ Partition blocks into k chunks
3: for i ∈ [0, k − 1] do ▷ Generate Oi via circular shift
4: Oi ←

⊎k−1

j=0
S(i+j) mod k

in memory-based model loading, which we describe in §5.

4.2 Adaptive Model Multicast
Sub-groups. Consider a cluster of N nodes and a scaling
scenario where the source node holds a model instance and
needs to distribute it to the remaining N − 1 destination
nodes.

More generally, we consider a scaling operation k → N ,
i.e., k nodes distributing the model to the remaining N − k
nodes (where 1 ≤ k < N ) 3. PipeCast evenly divides the
N nodes into k sub-groups. Each sub-group consists of
L nodes, where L is either ⌊N/k⌋ or N%k, and each sub-
group performs a 1 → L scaling. This process supports
k → N scaling for arbitrary values of k and N .

Selective block sizes. Determining the block size b is criti-
cal to the performance of model multicast. PipeCast selec-
tively configures this parameter to balance the transmission
performance and execution efficiency. We note that fine-
grained model partitioning (i.e., a small b) often results in
longer end-to-end transmission times (i.e., a large T ), while
increasing b generates fewer model blocks and also leads to
additional communication overhead for intermediate results
during pipeline execution. According to our modeling, T
exhibits an ”elbow point” with respect to b: increasing the
block size initially enhances transmission performance, but
the benefits diminish beyond a certain threshold. There-
fore, we empirically optimize b in order to achieve good
transmission performance while minimizing the additional
overhead in pipeline execution; here, configuring b requires
only offline profiling. This design targets the stable, RDMA-
capable networks commonly used for LLM serving, where
a single offline-selected b remains effective across our tested
settings. More adaptive tuning for highly volatile network
conditions is orthogonal to FaaScale’s current design and
left to future work.

Optimized transfer order. We propose a k-way transmis-
sion strategy to optimize the order of model block transfers
across k sub-groups, which enables PipeCast to minimize
the time required for assembling a complete model. Algo-

3k ≥ 1 can be easily met in practice, such as by maintaining at
least one model replica in host memory across the cluster.
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rithm 1 outlines the k-way transmission strategy. It first par-
titions the model blocks into k equal-sized chunks (lines 1-2)
and then generates the block transfer orders for each sub-
group by circularly shifting these chunks (lines 3-4). This
design ensures that the sub-groups work in tandem, with the
first complete model instance becoming available after only
b/k time steps.

PipeCast visualization. Fig. 5 illustrates the synergy of
model block multicast with dynamic pipeline parallelism
when scaling k = 2 source nodes to 8. In contrast to the
naive approach, which performs independent multicasts
within each subgroup (Fig. 5a), PipeCast enables efficient,
cooperative multicast across subgroups (Fig. 5b-c). Each
sub-group performs multicast concurrently but uses circular
shifting to manipulate the transfer order of model blocks.
Specifically, sub-group 1 transfers {B3, B4} before {B1,
B2}, while sub-group 2 transfers {B1, B2} before {B3, B4}.
This allows complementary blocks to be transferred in paral-
lel across the two sub-groups. As a result, certain destination
nodes—such as PP1 (nodes B and D) and PP2 (nodes F and
H)—can jointly assemble two complete model instances
early and initiate pipeline-parallel inference without wait-
ing for all blocks to arrive at every node. These execution
pipelines are dynamically formed across sub-groups once
any two nodes collectively possess all model blocks.

4.3 Pipelined Inference Execution
Generating execution pipelines. Building on the optimized
block transfer order, we propose an efficient execution
pipeline generation strategy outlined in Algorithm 2. The
key idea is to construct execution pipelines from as many
sub-groups as possible, maximizing the benefits of k-way
transmission. Specifically, when the remaining unassigned
nodes belong to only one sub-group, PipeCast directly forms
an execution pipeline using these nodes (lines 3-5). Oth-
erwise, it selects one node from each available sub-group
to construct the pipeline (lines 6-12). FaaScale prioritizes

Algorithm 2 Execution Pipeline Generation Strategy

Input: – k sub-groups {G0, . . . , Gk−1}
– Li: the number of nodes in Gi

– nj
i : the jth node in Gi

Output: – All generated execution pipelines P
1: G ← sub-groups with unassigned nodes
2: while |G| > 0 do
3: if |G| = 1 then ▷ A pipeline within a single sub-group
4: P ← ordered nodes in G0
5: P ← append(P , P )
6: else ▷ Generate pipelines across sub-groups
7: a← minGi∈G Li

8: for t ∈ [0, a− 1] do
9: P ← []

10: for Gi ∈ G do
11: P ← append(P , nt

i)
12: P ← append(P , P )
13: Update G

pipeline configurations where each sub-group has an equal
number of nodes (i.e., N mod k = 0). At runtime, execu-
tion pipelines are generated incrementally as complementary
model blocks arrive at different nodes. Once a set of nodes
collectively holds the required blocks, FaaScale launches an
execution pipeline on those nodes; after a node assembles
a complete replica, it transitions naturally from distributed
execution to local inference. This enables serving requests
with partially assembled replicas rather than waiting for all
destination nodes to finish loading.

2D execution pipelines. Fig. 6a illustrates how a 4-node
execution pipeline processes multiple batches (one or mul-
tiple requests) of inference requests in parallel using a 2-
dimensional pipelining strategy. Along the first dimension,
each node is assigned a specific model block and computes a
different batch of requests. Once a node completes process-
ing a batch for its assigned block, it passes the intermediate
result to the next node and starts computing the next batch
along the second dimension. This 2D pipeline strategy ef-
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ficiently utilizes resources distributed along the multicast
route, enabling rapid scaling and processing of accumu-
lated requests during spikes. FaaScale schedules requests
across multiple pipelines based on their available resources
to improve overall resource efficiency.

Large models spanning multiple GPUs. When a
model spans multiple GPUs, PipeCast generates execution
pipelines across GPUs within the same node and/or from
nodes to minimize performance loss during model scaling.
Fig. 6 illustrates the multi-GPU model scaling scenario,
where each model instance is distributed across multiple
GPUs. During scaling, as model blocks partially arrive,
PipeCast dynamically selects one of the three execution
strategies based on model size and resource availability (i.e.,
whether a node has multiple GPUs). Case 1: Cross-node
execution pipeline for single-GPU models (models fitting
in a single GPU): This is the default execution strategy al-
ready described in §4.2. Case 2: Cross-node execution
pipeline for multi-GPU models (models that do not fit in
a single GPU): GPUs that have received complete blocks
can immediately begin forming execution pipelines across
nodes to support distributed, pipelined inference for large
models, without waiting for the full model to load (see
Fig. 6b). Case 3: Intra-node scaling-up for single-GPU
models: PipeCast can opportunistically leverage multiple
local GPUs on the same node to accelerate scaling if there
are available local GPU resources on the same node. As
soon as the first GPU receives model blocks, it can quickly
replicate them to other local GPUs using high-speed node-
local communication mediums like NVLink, which offers
bandwidth up to an order of magnitude higher than RDMA
networks (see Fig. 6c). This fast intra-node replication
enables rapid local model scaling-up. Replicated model
blocks can then form cross-node execution pipelines (Case
1). This hybrid approach maximizes resource utilization
and enhances inference performance by opportunistically
reducing data movement overhead.

Design trade-offs. Dynamic execution pipelines require
lightweight control-plane coordination to track block avail-
ability, update pipeline membership, and retire pipelines
once nodes assemble complete replicas. In practice, this
overhead remains small because it is limited to transient
metadata management during scale-out and does not intro-
duce additional model transfer or GPU computation. This
design therefore improves scale-out responsiveness while
keeping the data path unchanged.

5 EFFICIENT MODEL MANAGEMENT
FaaScale supports efficient model management in both host
memory and GPUs through two key system designs.

Locality-driven model startup. FaaScale introduces a
multi-level, locality-driven model startup scheme to effi-
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Figure 6: Example of execution pipelines. (a) A 4-node
execution pipeline where each node executes its associ-
ated model block for multiple in-flight requests in parallel.
(b) Execution pipelines across multi-GPU nodes where each
pipeline contains GPUs from different nodes. (c) Intra-node
model replication to scale up the inference performance,
where each local model block replica forms a separate cross-
node execution pipeline.

ciently support model instances stored in various storage
tiers. FaaScale optimizes locality using several startup strate-
gies: (1) GPU (hot start): The model is fully loaded into
GPU memory, enabling fast, local execution. (2) Memory
(warm start): The model is cached in host memory. FaaS-
cale directly loads host-memory-cached models into GPUs
for inference execution, and before models are fully loaded,
constructs an execution pipeline across multiple nodes of
this kind for enhanced inference performance (PipeCast in
§4). (3) Null (cold start): The model is neither cached
in GPU or host memory, requiring FaaScale to perform
cold-start scaling by directly retrieving model blocks from
remote GPU and/or remote host memory.

Efficient memory management. FaaScale employs two
strategies to manage GPU and host memory for model
blocks. (1) Tensor packing: FaaScale maps each model
block to a contiguous memory region for enhanced transmis-
sion efficiency. By consolidating all tensor data associated
with a single model block into a contiguous memory chunk,
FaaScale enables bulk transfer of entire blocks, improving
bandwidth efficiency. Notably, the tensor memory layout
optimization has no impact on inference execution. (2) GPU
memory pre-allocation: FaaScale pre-allocates memory
chunks for model blocks and intermediate results, as their
sizes remain consistent across requests during pipeline exe-
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cution. Runtime states with dynamic memory requirements
(e.g., KV caches) are internally managed by inference en-
gines (e.g., vLLM (Kwon et al., 2023b)). This design does
not require all replicas to remain resident in GPU mem-
ory. At scale-out time, FaaScale only requires one complete
replica in RDMA-accessible registered memory somewhere
in the cluster, either in GPU memory or host memory. Model
blocks are multicast from that source buffer to destination
GPUs, allowing the same mechanism to cover both 1-to-
N expansion from an active replica and 0-to-N expansion
from an in-memory replica. This ensures memory efficiency
while minimizing memory allocation overhead at runtime.

6 FAASCALE IMPLEMENTATION
We have implemented FaaScale in 10K lines of Python and
1K lines of C++, structured into two core components: the
cluster manager and worker nodes. The source code of
FaaScale and its RDMA P2P transfer library are publicly
available (FaaScale, a;b).

The Cluster Manager is implemented in Python (see Fig. 4).
Each worker node contains a Model Manager, which con-
sists of two key modules: (1) an inference module, responsi-
ble for executing both local inference (within a GPU) and
distributed inference (across nodes) and (2) a transfer mod-
ule, which implements GDR/RDMA-based model block
transfer. For the inference module, we extend the codebase
of Meta’s Llama inference framework (Meta) to support
both local and distributed inference using Python. We build
the transfer module on top of Derecho’s RDMC (Behrens
et al., 2018; der), where we reuse its resource initializa-
tion and RDMA queue pair/connection management com-
ponents, and extend support to enable one-sided RDMA
and GDR. We implemented the binomial pipeline (Ganesan
& Seshadri, 2005) algorithm in Cluster Manager and its
GDR/RDMA semantics in Model Manager’s transfer mod-
ule. Specifically, we reuse ∼470 lines from RDMC and add
∼520 lines for one-sided RDMA and memory-region exten-
sions. All the key RDMA P2P transfer APIs (e.g., RDMA
queue pair establishment and RDMA read operation) are
exposed to Python via Pybind11 (Pybind11).

7 EVALUATION
We evaluate FaaScale by addressing three key questions:
(1) How fast can FaaScale distribute model blocks across
a GPU cluster (§7.2)? (2) How does FaaScale scale LLM
inference performance compared to state-of-the-art base-
lines under concurrent, stress-test workloads (§7.3)? (3)
How elastic and cost-effective is FaaScale under a bursty
real-world LLM workload (§7.4)? Additional microbench-
mark evaluation, sensitivity analysis, and ablation study are
provided in our technical report (Yu et al., 2025b).

Table 1: Testbed Configurations. Each testbed uses single
400Gb/s InfiniBand NIC.

Testbed GPU NIC Memory SSD #Nodes
Testbed1 1xH800 1x400Gb/s IB 400Gb/s 400Gb/s 12
Testbed2 4xH800 1x400Gb/s IB 400Gb/s 400Gb/s 6

7.1 Experiment Setup
Testbeds. All experiments are conducted on a shared HPC
cluster, with an exclusive allocation of up to 24 NVIDIA
H800 GPUs and 12 nodes per user. We configure two
testbeds to evaluate FaaScale under different scalability sce-
narios (Table 1). Testbed1 is used when a single GPU is suf-
ficient to host the entire model (e.g., Llama-2 7B), allowing
to stress the scalability test via inter-node communication.
Testbed2 is used when a single GPU is not large enough to
host a model (e.g., Llama-2 70B), requiring multiple GPUs
per node to validate scalability while involving inter-node
communication (e.g., model parallel inference).

Models and configurations. We consider two primary
experimental parameters: model size and k (refer to k-way
transmission in §4.2 for details). We test FaaScale with
the Llama-2 (Touvron et al., 2023) series LLMs with 7B,
13B, and 70B parameters and a k value ranging from {1, 2,
4}. Experiments for Llama-2 7B and 13B are conducted on
Testbed1, while Llama-2 70B tests run on Testbed2. Unless
explicitly stated, all configurations follow these defaults.

Measurement metrics. Our evaluation focuses on key
metrics as following: (1) Throughput (tokens per second)
measures FaaScale’s ability to sustain high-load inference re-
quests. (2) Latency (time-to-first-token) reflects FaaScale’s
efficiency in generating the first token quickly, a critical
metric for low-latency LLM serving. (3) Cost-effectiveness
(GPU time) evaluates how elastically FaaScale provisions
and releases GPU resources.

Baselines. We compare FaaScale against three baselines,
covering both industry-standard and state-of-the-art research
systems as discussed in §2.3. (1) ServerlessLLM (Fu et al.,
2024): The state-of-the-art serverless LLM inference system
designed for dynamic scaling. We implement Serverless-
LLM and remove Ray Serve’s (Moritz et al., 2018) clus-
ter management overhead to isolate its inference perfor-
mance. (2) FaaSNet (Wang et al., 2021): An industry-
adopted serverless function container provisioning system
that optimizes P2P transfer topology for auto-scaling. We
use its default binary tree topology and extend it to sup-
port GDR-based model loading. (3) NCCL (NVIDIA, b):
An industry-standard communication library for multi-GPU
training and inference developed by NVIDIA, optimizing
collective communication primitives such as all-reduce and
broadcast using GDR. Since NCCL lacks native multicast
support, we adapt its broadcast primitive by dynamically
forming process groups and transmitting model blocks to
designated groups, effectively enabling multicast. Fig. 7
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Figure 7: End-to-end model multicast latency. The 4-node
70B test involves 16 GPUs (4 GPUs per node), while the
8-node 7B and 12-node 13B tests use 8 and 12 single-GPU
nodes, respectively. All tests have k = 1 (a single source).

focuses on FaaSNet and NCCL, as both are directly com-
parable to FaaScale for cross-node model multicast over
RDMA/GDR. ServerlessLLM is not included in this figure
because it primarily targets multi-tier model loading rather
than network-based model multicast.

7.2 Multicast Performance
Fig. 7 shows the end-to-end multicast latency with differ-
ent GPU cluster settings. Overall, FaaScale achieves up
to a 1.82× and 1.53× speedups over FaaSNet and NCCL,
respectively. We observe that FaaScale’s multicast perfor-
mance advantage increases with both model size and cluster
scale. For smaller models on fewer nodes (e.g., 7B on
4 nodes), FaaScale is only modestly faster than the other
systems; however, with larger models or more nodes (e.g.,
70B on 4 nodes and 13B on 12 nodes), FaaScale ’s per-
formance benefit expands considerably. This improvement
comes from FaaScale’s binomial pipeline, which splits a
model into blocks and utilizes the entire cluster bandwidth
resource to transmit blocks, maximizing link utilization and
parallelism. The smaller gain at 12 nodes does not reflect a
limitation of the binomial multicast design. On our testbed,
it is mainly caused by GPU–NIC NUMA placement and
topology-aware optimizations in NCCL, which partially
mask topology-induced costs.

7.3 Throughput and Latency Performance
Throughput. We measure FaaScale’s throughput scaling
ability under high-stress loads by varying k and compare
it against ServerlessLLM, FaaSNet, and NCCL (Fig. 8). In
Fig. 8, k denotes the number of sub-groups, each with one
source node initially holding a complete model instance.
All systems use the same k configurations; for the base-
lines, varying k changes only the number of initial source
replicas, not the transfer mechanism itself. FaaScale can
begin serving once an execution pipeline is formed from
partially loaded model blocks, whereas the baselines wait
until the new model instances complete weight replication.
Therefore, FaaScale (green) consistently outperforms the
baselines by achieving peak throughput significantly faster
across various k levels. Specifically, while FaaSNet, NCCL,
and ServerlessLLM steadily scale their throughput on a

similar timeline (e.g., 0.6s for FaaSNet for Llama-2 7B),
FaaScale effectively halves its ramp-up time when its k
increases. For the Llama-2 7B example, FaaScale begins
scaling at around 0.6s when k = 1, whereas with k = 4,
scaling starts significantly earlier, at around 0.15s. This
is because PipeCast combines efficient block transfer with
opportunistic execution pipelines, allowing GPUs to col-
laboratively load model blocks and serve requests as soon
as sufficient data reaches GPU memory, rather than wait-
ing for the full model to be transferred (see §4.2). In con-
trast, ServerlessLLM-SSD scales out slowly due to lack of
GDR/RDMA multicast and LLM-specific loading optimiza-
tions, while FaaSNet and NCCL achieve faster multicast
transmission but lack collaborative distributed execution
and high transmission parallelism. When k ≥ 2, FaaScale
also exhibits a staircase-shaped plateau. This behavior arises
mainly from the current overhead of distributed pipelined
inference, especially the synchronization and transfer of
intermediate data across pipeline stages. The plateau is
more visible for k = 2 and k = 4 because the distributed-
execution window occupies a larger fraction of the end-to-
end scaling period, whereas for k = 1 that window is short.
Since these intermediate transfers remain within each small
pipeline rather than requiring cluster-wide synchronization,
the effect does not represent a fundamental scalability bot-
tleneck.

Latency. Fig. 9a-c plots the TTFT latency and Fig. 9d-f
shows the zoomed-in CDF given a specific RPS (requests
per second) level. We observe that FaaScale starts serving
all 50 requests in 1.1s, which is 2×, 1.4×, and 8× faster
than FaaSNet, NCCL, ServerlessLLM, respectively. The 7B
and 70B models exhibit a similar trend. ServerlessLLM-
SSD suffers from a long-tail TTFT latency, caused by: (1)
slow SSD I/Os during on-demand loading, and (2) delayed
inference execution due to waiting for the entire model to
be fully loaded into GPUs.

7.4 Real-World LLM Workload
In this section, we evaluate FaaScale’s performance using
BurstGPT (Wang et al., 2024), a real-world LLM workload
trace collected from regional Azure OpenAI GPT services.
The original workload is highly bursty and we select a 30-
minute trace snippet from the workload for evaluation. We
make the following assumptions: NCCL and FaaSNet pri-
oritize loading models from remote GPUs using GDR and
only fall back to local SSD load if none of the GPUs in the
cluster have an available model instance. ServerlessLLM
relies solely on local-cache-based loading—it loads models
from host memory on a cache hit and from SSD on a cache
miss. As ServerlessLLM, FaaScale supports best-effort local
host memory caching but falls back to PipeCast multicast if
the requested model is not in host memory.

Scaling behaviors. Fig. 10 shows the dynamic GPU alloca-
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Figure 8: Throughput scaling via GDR with varying model sizes. Top: Llama-2 7B. Bottom: Llama-2 70B. ServerlessLLM
relies on local SSDs during scaling, while all other systems use GDR for inter-node communication. The k configurations
apply to all systems. The mini-plots show the extended timeline for ServerlessLLM.
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Figure 9: Latency scaling via GDR.

tion timeline in response to fluctuating RPS. Ideal Scaling
assumes zero model-loading overhead, where a model can
be instantly loaded into and swapped out of GPU(s) without
delay. This is not practically achievable due to real-world
constraints such as resource limitation and data transfer
cost. FaaScale scales out and in significantly faster than
other systems across three model sizes. All three base-
lines experience delayed scaling out and delayed scaling in
when responding to workload spikes. To quantify the cost
effectiveness of GPU resources, we measure the cumula-
tive GPU time for each system. FaaScale consumes up to
17.8%, 18.1%, and 31.3% less GPU resource than FaaS-
Net, NCCL, and ServerlessLLM, respectively. While Ideal
Scaling achieves the lowest cumulative GPU time, FaaScale
maintains the closest GPU consumption to this ideal case,
with a small gap ranging from 4.3-18.6%.

TTFT comparison. Fig. 11 shows the TTFT distribution,
FaaScale outperforms all baselines across the three models
Compared to previous TTFT latency results reported under
static workloads (§7.3), two key observations emerge. First,

the CDF curves of NCCL and FaaSNet shift rightward, due
to frequent model loading from SSD, leading to longer tail
latency. Second, the CDF curve of ServerlessLLM shifts
leftward, likely due to a high cache hit rate when loading
models into GPUs.

8 RELATED WORK AND DISCUSSION
Pipelined inference and model scaling. Prior works on
pipelined inference typically rely on static resource configu-
rations (Crankshaw et al., 2017; Shen et al., 2019; Dhakal
et al., 2020; Bai et al., 2020; Li et al., 2023; Mei et al., 2025),
whereas FaaScale focuses on dynamically constructing exe-
cution pipelines during model scale-out. BlitzScale (Zhang
et al., 2024) addresses the same broad problem, but com-
bines chain-based model scaling with an execution schedule
tailored to Prefill/Decoding (P/D) disaggregated LLM infer-
ence settings (Zhong et al., 2024). In contrast, FaaScale em-
phasizes scalable multicast through a binomial pipeline and
targets a more general serverless environment without as-
suming P/D disaggregation. DynamoLLM (Stojkovic et al.,
2025) leverages predictability for model prefetching, while
FaaScale is designed for bursty and unpredictable workloads.
Medusa (Zeng et al., 2025) reduces single-node startup over-
head by materializing CUDA graphs and KV cache states,
complementing FaaScale’s focus on distributed, cross-node
model transfer and execution while targeting single-node
startup overhead rather than multi-node coordination.

Networking assumptions and applicability. FaaScale tar-
gets modern AI-serving clusters with stable RDMA-capable
networks, where fast cross-node model transfer is a first-
order concern. This setting matches emerging inference
infrastructures that provide high-bandwidth communication
and direct GPU data paths. At the same time, FaaScale’s
core design is not tied to a specific interconnect. Its main
benefit comes from overlapping model transfer with infer-
ence once the required model blocks arrive. The same de-
sign therefore remains applicable in clusters with lower

10



RPS FaaScale Ideal Scaling FaaSNet ServerlessLLM NCCL FaaScale (Reference)

25 50 75 100 125
0
5

R
PS 1 2 3

RPS Over Time

25 50 75 100 125
0

10 1 2 3
FaaScale Scaling Over Time

25 50 75 100 125
0

10 1 2 3
Ideal Scaling Over Time

25 50 75 100 125
0

10 1 2 3
FaaSNet Scaling Over Time

25 50 75 100 125
0

10 1 2 3
ServerlessLLM Scaling Over Time

25 50 75 100 125
Timeline (s)

0
10 1 2 3

NCCL Scaling Over Time

0 2000 4000 6000 8000
Cumulative GPU Time (s)

#
 A

llo
ca

te
d 

G
PU

s

(a) Llama-2 7B

50 100 150
0.0
2.5

R
PS 1 2 3

RPS Over Time

50 100 150
0

10 1 2 3
FaaScale Scaling Over Time

50 100 150
0

10 1 2 3
Ideal Scaling Over Time

50 100 150
0

10 1 2 3
FaaSNet Scaling Over Time

50 100 150
0

10 1 2 3
ServerlessLLM Scaling Over Time

50 100 150
Timeline (s)

0
10 1 2 3

NCCL Scaling Over Time

0 2000 4000 6000
Cumulative GPU Time (s)

#
 A

llo
ca

te
d 

G
PU

s

(b) Llama-2 13B

100 200 300 400
0.0

2.5

R
PS 1 2 3

RPS Over Time

100 200 300 400
0
5 1 2 3

FaaScale Scaling Over Time

100 200 300 400
0
5 1 2 3

Ideal Scaling Over Time

100 200 300 400
0
5 1 2 3

FaaSNet Scaling Over Time

100 200 300 400
0
5 1 2 3

ServerlessLLM Scaling Over Time

100 200 300 400
Timeline (s)

0
5 1 2 3

NCCL Scaling Over Time

0 1000 2000 3000 4000 5000
Cumulative GPU Time (s)

#
 A

llo
ca

te
d 

G
PU

s

(c) Llama-2 70B

Figure 10: GPU allocation over time under a 30-minute BurstGPT workload. Top: RPS over time. Middle (Row 2-6):
System-specific results sharing the same timeline. Bottom: Cumulative GPU consumption of all systems. The RPS timeline
includes labeled spikes (Top). The green dotted line shadows FaaScale’s scaling behavior, allowing direct comparison
against other systems. The baselines are shown in separate subfigures to reduce visual clutter while preserving a common
time axis across rows. In each baseline row, the green dotted line overlays FaaScale to highlight the difference in scaling
responsiveness, and the bottom row summarizes cumulative GPU-time consumption.
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Figure 11: CDF of TTFT under the BurstGPT workload.

bandwidth, higher jitter, or even non-RDMA networks, al-
though the absolute gains would decrease as communication
becomes slower and less predictable.

Multi-tenancy and heterogeneity. Multi-tenant serving
requires both fast per-model elasticity and cluster-wide co-
ordination across models. FaaScale contributes the former
by providing a low-latency scale-out path that can rapidly
instantiate additional replicas for an individual model un-
der bursty demand. This capability is complementary to
multi-model serving systems such as Aegaeon (Xiang et al.,
2025), which optimize resource sharing, admission control,
and request scheduling across tenants. Additionally, FaaS-
cale’s multicast-execution co-design can be combined with
heterogeneous-cluster schedulers such as Helix (Mei et al.,
2025) by constructing sub-groups from nodes with simi-
lar compute capability and forming pipelines within those

sub-groups, while the higher-level scheduler decides model
placement and capacity allocation across diverse resources.

KV cache reuse. KV-cache reuse integrates naturally with
FaaScale’s fast model scaling. During scale-out, FaaScale
accelerates the distribution and assembly of model parame-
ters, enabling new instances to begin serving quickly; once
these instances are available, existing KV-cache manage-
ment techniques can provide reusable cache state. For ex-
ample, systems such as Mooncake (Qin et al., 2025) support
cluster-level KV-cache pools that can be managed and ac-
cessed efficiently at scale, making them a natural comple-
ment to FaaScale over the same high-speed network fabric.
Additionally, Medusa (Zeng et al., 2025) offers a comple-
mentary optimization by materializing KV-related state to
reduce single-node startup overhead, whereas FaaScale tar-
gets cross-node model fast scaling.

9 CONCLUSION
This paper presents FaaScale, a serverless inference system
designed for fast and efficient model scaling. FaaScale lever-
ages high-speed RDMA networks for fast model scaling
and introduces a pipelined multicast inference strategy that
enables collaborative, cross-node execution during model
multicast. Combined with efficient model management,
FaaScale sustains bursty workloads and achieves up to 5×
tail-latency improvement over state-of-the-art systems.
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