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Abstract

Serverless Architecture Patterns for Scalable Machine Learning Inference PipelinesServing
machine learning models in production is an exercise in handling uncertainty. Traffic arrives in
bursts, models differ enormously in size and cost, and demand for a given model may be near
zero for hours and then jump by an order of magnitude within seconds. Serverless computing, in
which a cloud provider runs short-lived functions and managed services on demand and bills
only for what is used, promises to match capacity to such demand automatically. Applying it to
inference is not straightforward, however, because model loading causes cold starts, functions
are stateless and limited in memory and duration, and accelerators are scarce. This paper
presents a catalog of eight serverless architecture patterns for machine learning inference
pipelines, together with guidance on when each should be used. The patterns cover gateway-
fronted synchronous inference, pre-warmed pools, queue-buffered asynchronous inference,
micro-batching, fan-out ensembles, lazy-loaded model caches, client-direct reads from managed
services and pooled multi-adapter serving for large language models. We evaluate the patterns
in simulation under steady, diurnal, bursty and flash-crowd traffic across four model classes.
Under bursty traffic, a hybrid combining a warm pool, micro-batching and lazy loading kept the
95th-percentile latency at 178 ms, against 960 ms for on-demand functions, at 41% of the cost of
an always-on cluster, and it sustained 3,400 requests per second. Serverless was cheaper than
provisioned capacity below an average utilization of roughly 30%. For multi-tenant language
model serving, a pooled adapter layer sustained about 145 requests per second with a thousand
concurrent adapters, against about 30 for a baseline engine. The results provide a practical basis
for selecting patterns according to traffic shape, model size and latency requirements.

Keywords: Serverless Computing, Machine Learning Inference, Architecture Patterns, Cold Start
Mitigation, Dynamic Batching, Event-Driven Pipelines, LoRA Adapter Serving, Cloud Cost
Optimization.

1. Introduction

Training a machine learning model is a bounded effort that ends when the model is good
enough. Serving it never ends. Once a model is deployed, it must answer requests day and night,
at whatever rate users generate them, within a latency that applications can tolerate and at a
cost that the business can sustain. The difficulty is that demand is rarely smooth. A
recommendation model may be quiet at night and busy at lunchtime, a fraud detector may see a
tenfold surge when a retailer runs a promotion, and a model behind a mobile feature may go
from idle to overwhelmed when a social media post draws attention. Provisioning for the peak
wastes money for most of the day, and provisioning for the average fails at the peak.

Serverless computing addresses this tension directly. In the serverless model, developers
write functions and compose managed services, and the cloud provider is responsible for
provisioning, scaling and maintaining the underlying servers. Capacity grows when requests
arrive, shrinks to zero when they stop, and billing follows actual use rather than reserved
capacity [1], [7]. The model has become popular for web back ends and event processing
because it removes much of the operational burden and aligns cost with value [2], [3]. It is
natural to ask whether the same benefits can be obtained for machine learning inference.

The answer is that it can, with care. Early work showed that deep learning models can be
served from function platforms and that the cost can be competitive at low or variable load, but

262



also that latency is affected by cold starts, in which a new function instance must load its code
and model before it can answer [8]. Functions are stateless, so anything that should persist
between requests, such as a model held in memory, must be reloaded or cached. Memory,
execution time and package size are limited, which constrains the size of the model. Accelerators
are scarce and are often unavailable in the most elastic function offerings. For these reasons,
simply moving a model into a function seldom works well, and better results come from
deliberate architecture patterns that work with, rather than against, the serverless execution
model.

This paper contributes a structured treatment of such patterns. Specifically, we make the
following contributions: (i) a catalog of eight serverless patterns for inference pipelines, each
described by its intent, components, benefits and limits; (ii) a reference architecture that
composes managed services and functions for inference; (iii) a quantitative simulation study of
the patterns under four traffic shapes and four model classes, covering latency, cold starts,
throughput and cost; (iv) an analysis of the economics of serverless versus provisioned
inference, including the break-even utilization; (v) an analysis of multi-tenant serving of large
language models with many fine-tuned adapters; and (vi) a decision guide for choosing patterns.
The remainder of the paper is organized as follows. Section II reviews background, Section III
discusses related work, Section IV presents the methodology and the pattern catalog, Section V
describes the experimental setup, Section VI reports results, Section VII discusses implications
and limitations, and Section VIII concludes.

2. LITERATURE REVIEW

A. Serverless Computing

Serverless computing is commonly understood as a combination of two ideas. Function as a
service lets developers deploy short pieces of code that run in response to events, while backend
as a service provides managed components, such as databases, authentication, queues and
object storage, that applications use through interfaces without operating servers [2]. A widely
cited assessment of the field describes serverless as a simplification of cloud programming that
abstracts servers away, offers elastic scaling including scaling to zero and charges for resources
actually used, and it also identifies limitations such as limited state, restricted communication
between functions and difficulty with specialized hardware [1]. A later perspective argues that
the model should evolve to support more general applications, including those that need state,
long-running computation and accelerators [7]. Critics point out that early platforms sacrificed
data locality and performance for simplicity, and that this was a poor fit for data-intensive
workloads [6]. These themes recur in the inference setting.

B. Platform Behavior and Cold Starts

Studies of production workloads reveal how serverless platforms are used and where they
struggle. An analysis of a large provider's workload found that most functions are invoked rarely,
that a small number of functions account for most invocations and that invocation patterns vary
widely, which means that cold starts are common for infrequently used functions and that
keeping instances alive has a cost [4]. Measurement studies of public platforms characterize
start-up latencies, instance lifetimes and scaling behavior [21]. Research on the underlying
technology has produced lightweight virtualization designed to start function instances in a
fraction of a second while preserving isolation [5], optimized containers that reduce
provisioning time [16], and runtime designs that share resources between functions to improve
performance [17]. Further work proposes agile cold-start techniques that reduce the time to
scale up [24]. Cold-start cost grows with the size of what must be loaded, and for machine
learning functions that include a model, the model typically dominates it.

C. Machine Learning Inference Serving

Dedicated serving systems address the needs of online prediction. A low-latency prediction
serving system introduced a layered design with caching, adaptive batching and model
abstraction to meet latency objectives across diverse frameworks [9]. Other systems schedule
inference on accelerators with predictable latency by controlling the order and timing of work
[19], or automate the selection of a model variant and hardware for each query, relieving users
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from specifying them [20]. Batching is a central technique, since processing several requests
together improves the utilization of accelerators, but it adds waiting time for the requests that
arrive first. Systems built for serverless platforms have explored adaptive batching that chooses
the batch size and the function configuration to meet latency targets at minimum cost [11], and
hybrid designs that combine virtual machines with function instances to absorb bursts at low
cost [10].

D. Serving Large Language Models

Large language models create additional challenges. They are large, with weights that can
occupy tens of gigabytes, which makes loading slow and favors accelerators. Memory
management for the key-value cache of ongoing generation is critical, and paged allocation
substantially improves throughput by reducing waste [12]. Many applications need not one but
many specialized variants of a base model, each created by lightweight fine-tuning with low-
rank adapters, which modify a small number of additional parameters while the large base
weights are shared [14]. Serving thousands of such adapters concurrently requires systems that
keep the base model resident, manage adapters in a unified memory pool and batch requests
that use different adapters [13]. Recent work on serverless serving of large language models
focuses on loading models quickly from multi-tier storage so that cold starts remain acceptable
[15]. These developments bear directly on the patterns in this paper.

E. Architecture Patterns and Technical Debt

A pattern is a reusable solution to a recurring design problem, described with the context in
which it applies and the trade-offs that it carries. Pattern thinking has long been valuable in
software architecture, and for machine learning systems it addresses a specific concern.
Experience has shown that production machine learning systems accumulate hidden
maintenance costs, including entanglement, undeclared dependencies and glue code, and that
most of the code in such systems is not the model itself [22]. Well-chosen patterns reduce this
debt by making the structure explicit. Reviews of serverless computing summarize the state of
the art and open challenges across platforms, applications and tooling [25], and discuss typical
application structures [3], [23]. A catalog of patterns for inference is a natural complement.

3. RELATED WORK

Related work can be grouped into serverless platform research, inference serving systems,
serverless inference and large language model serving. Platform research studies how functions
are scheduled, started and billed, and how to make them faster and cheaper [4], [5], [16], [17],
[21]. It provides the mechanisms on which patterns rely, such as pre-warmed instances and fast
container start-up, but it is mostly agnostic to the characteristics of machine learning workloads,
in which a single large artifact dominates start-up time.

Inference serving research builds specialized systems for prediction. Clipper established the
importance of caching, batching and model abstraction layers [9]. Clockwork showed that
predictable latency can be achieved by consolidating decisions and controlling accelerator
scheduling [19]. INFaaS automated the choice of model variants and hardware to meet latency
and accuracy goals at the lowest cost [20]. These systems generally assume a pool of dedicated
servers that is provisioned in advance, which is the model that serverless seeks to replace, and
they pay less attention to the economics of scaling to zero.

Serverless inference research asks what is gained and what is lost when models are run on
function platforms. The earliest study demonstrated feasibility and quantified cold-start effects
for deep learning models [8]. MArk combined virtual machines, which handle steady load, with
function instances, which absorb bursts, to meet latency objectives at lower cost [10]. BATCH
introduced adaptive batching for serverless inference, tuning batch size and memory to latency
targets [11]. These works address individual techniques. What is missing is a unified description
of the patterns, their composition into pipelines and a comparison of their behavior under
common traffic and cost conditions, which is the aim of this paper.

Large language model serving research has developed systems for memory-efficient
generation [12], for concurrent multi-adapter serving [13] and for fast model loading in
serverless settings [15]. These contributions are essential, but they are usually presented as
stand-alone systems, and their relationship to the general serverless patterns is not made
explicit. We treat pooled multi-adapter serving as one pattern in the catalog and relate it to the
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others.

Three issues remain open. First, practitioners lack a common vocabulary of serverless
inference patterns and a guide for choosing among them. Second, comparisons of techniques
under identical traffic and cost conditions are rare. Third, the economics, in particular the break-
even point between serverless and provisioned capacity, are rarely quantified for different
model classes. This paper addresses all three within a simulation study.

4. METHODOLOGY

A. Reference Architecture

We start from a reference serverless application structure, which is shown in Fig. 1 in the
form of a web application with a browser client. The numbered flow in the figure illustrates the
composition of managed services and functions. A client first authenticates with a managed
authentication service (step 1) and then reads product data directly from a managed product
database (step 2), without any server code of the application between them. Requests that need
server-side logic are sent by the client to an API gateway (step 3), which routes them to
functions. A search function handles search requests and reads from the product database (step
4), and a purchase function handles purchase requests and writes to a separate purchase
database (step 5). No component is a long-running server owned by the application. The
authentication service and the databases are managed services, the gateway is a managed
routing layer and the functions run on demand.

e
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— Service

Fig. 1. Reference serverless application structure: a client, a managed authentication
service, an API gateway, search and purchase functions, and managed databases, with the
numbered request flow.

We adapt this structure to inference by mapping its elements to the components of a
machine learning pipeline. The authentication service corresponds to the managed identity layer
that authorizes callers and issues short-lived credentials. The gateway becomes the inference
gateway, which authenticates requests, validates payloads, applies throttling and routes each
request to the appropriate model function. The search function, which only reads data and
returns a result, corresponds to a read-only inference function that loads a model, scores an
input and returns a prediction. The purchase function, which changes state, corresponds to a
function that has side effects, such as recording a decision, storing feedback or triggering a
downstream action. The product database becomes a managed feature store, model registry or
vector index, and the purchase database becomes a store of predictions, decisions and audit
records. The model artifacts reside in object storage and are fetched by functions at start-up.

B. The Pattern Catalog

Table I lists the eight patterns. Each is described by its intent, the components that realize it
and the main limit that should be kept in mind. P1 is the basic pattern, in which a gateway
invokes a function that loads a model and returns a prediction, as in the search path of Fig. 1. P2
maintains a pool of pre-initialized instances so that requests rarely meet a cold start. P3
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decouples producers from consumers with a queue and processes requests asynchronously,
which absorbs bursts and allows batch processing. P4 groups requests that arrive within a short
window and runs them through the model together, which raises throughput. P5 fans a request
out to several model functions in parallel and combines their results, as in ensembles and multi-
stage pipelines. P6 reduces the cost of loading by caching model layers or shards and loading
them lazily. P7 lets the client read directly from a managed service, as in step 2 of Fig. 1, to avoid
unnecessary function invocations. P8 serves many fine-tuned variants of a large language model
from a shared base through a pooled adapter layer.

TABLE L. Catalog of Serverless Patterns for Inference Pipelines

Pattern Intent Main Components Main Limit

P1 Gateway- Synchronous prediction Gateway, function, object Cold starts and limited

function on demand store memory

P2 Warm pool Avoid cold starts for Pre-initialized instances, Idle cost of kept-warm
latency-sensitive traffic scaling policy capacity

P3 Queue-buffered Absorb bursts and Queue, workers, result store Higher end-to-end

asynchronous decouple callers latency

P4 Micro-batching Raise throughput per Batching buffer, batch-aware | Added waiting time per

instance model function request

P5 Fan-out and fan-
in

Run ensembles and
multi-stage pipelines

Orchestrator, parallel
functions, aggregator

Orchestration cost and
tail latency

P6 Lazy-loaded

Shorten model loading

Layered artifacts, local cache,

Cache misses on first use

model cache prefetch
P7 Client-direct Skip functions for Managed store, temporary Weaker central control
read simple reads credentials and logging

P8 Pooled multi-
adapter serving

Serve many adapted
language models

Resident base model, adapter
pool, batcher

Needs accelerators and
careful memory

management

C. Gateway-Function and Warm Pool (P1, P2)

In the gateway-function pattern, each model is deployed as a function packaged with its code
and, if it is small enough, its weights. At start-up, the function loads the model into memory and
holds it there for the lifetime of the instance, so that later requests handled by the same instance
avoid loading. The gateway provides authentication, throttling and routing, as in the flow of Fig.
1. The pattern is simple, scales automatically and costs nothing when idle, but the first request to
each new instance pays the full cost of start-up and model loading, which for large models can be
several seconds. The warm pool pattern mitigates this by keeping a configured number of
instances initialized and by scaling that number ahead of demand according to recent traffic. It
converts a variable cost into a fixed one for the warm portion, and the pool size is therefore a
trade-off between latency and cost.

D. Queue-Buffered Asynchronous Inference and Micro-Batching (P3, P4)

Not every prediction is needed immediately. For document processing, nightly scoring and
enrichment of events, the caller can submit a request to a queue and collect the result later.
Workers pull from the queue at a rate that the system controls, and the queue absorbs bursts,
which turns a spike in arrivals into a longer period of steady processing. This removes the need
to scale instantly and enables batching, since many requests are available at once. Micro-
batching applies the same idea to latency-sensitive traffic. A buffer collects requests for a short
window or until a maximum batch size is reached, and the batch is processed together. Because
accelerators and vectorized libraries process batches much more efficiently than single items,
throughput rises considerably, while the added waiting time is limited to the window. The
window is chosen so that the added delay stays within the latency budget, and adaptive policies
shorten it when load is low [11].

E. Fan-Out and Fan-In, Lazy Loading, and Client-Direct Reads (P5, P6, P7)

Many pipelines involve several models, for example a detector followed by a classifier, or an
ensemble whose outputs are combined. The fan-out pattern uses an orchestrator, such as a
managed state machine service, to start model functions in parallel, wait for them and pass their
outputs to an aggregator. Compared with putting all models into one function, it allows each
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model to scale and fail independently, to be retried on its own and to be updated separately, at
the price of orchestration overhead and a latency that is determined by the slowest branch. The
lazy-loaded cache pattern addresses the dominant component of cold starts. Model artifacts are
split into layers or shards, and a function loads first the parts that are needed for the first
request, fetching the remainder in the background and caching it on local storage that survives
between instances on the same host. This is related to techniques used for fast loading of large
models from multi-tier storage [15]. The client-direct pattern follows step 2 of Fig. 1. When a
client only needs data that are stored in a managed service, such as precomputed predictions,
embeddings or features, it can read them directly using short-lived credentials issued after
authentication, which avoids invoking a function. This lowers cost and latency, but it moves
some control to the client and requires careful scoping of permissions.

F. Pooled Multi-Adapter Serving (P8)

Many applications serve a large language model that is specialized for each tenant, product
or task by a small low-rank adapter [14]. Loading a separate full model for each variant is out of
the question. The pooled adapter pattern, which we call P-LoRA in our experiments, keeps one
copy of the base model resident on an accelerator, stores adapters in a pooled memory area with
the hot ones on the accelerator and the rest in host memory or storage, prefetches adapters that
are likely to be needed according to recent request patterns, and batches requests that use
different adapters so that they share the computation of the base model [13]. The aim is to keep
the cost of adapter loading and memory management low so that throughput remains high as
the number of adapters grows. Because this pattern requires accelerators and long-lived
processes, it is typically deployed on serverless container platforms with accelerator support
rather than on ordinary function platforms.

G. Composition and Selection

The patterns are not exclusive and are usually combined. A common composition for latency-
sensitive traffic is the gateway-function pattern with a warm pool, micro-batching and lazy
loading, which we call the hybrid pattern. For bulk processing, a queue-buffered pattern with
large batches and no warm pool is typically cheapest. For multi-model pipelines, fan-out is
layered on top of the others. The selection depends on four properties of the workload: how
bursty the traffic is, how large the model is, how strict the latency requirement is and how high
the average utilization is. We derive a decision guide from the experiments in Section VI.

H. Evaluation Metrics

We report median and tail latency, using the 50th, 95th and 99th percentiles, since tail
latency determines user experience. We report the share of requests that encountered a cold
start, the maximum sustained throughput in requests per second, and a cost index that
expresses the cost of each pattern relative to an always-on cluster provisioned for the peak,
which is set to 100. For the economic analysis we report the cost index as a function of average
utilization. For the large language model experiments we report throughput as the number of
concurrent adapters grows and a breakdown of latency into adapter loading, prefill, decode and
memory management.

5. EXPERIMENTAL SETUP

A. Simulated Network

The experiments were run in a discrete-event simulation parameterized by measurements
from a managed function platform, a serverless container platform with accelerators, a managed
queue, a managed state machine service and an object store. The parameters include instance
start-up times, model loading rates, per-request compute times, scaling delays and billing rules
expressed in relative units. The simulation is cloud-agnostic, and the reported costs are relative
indices and not prices in any currency, so that conclusions do not depend on the pricing of a
particular provider. Function instances were limited to ten gigabytes of memory and a fifteen-
minute maximum duration, which are typical of current offerings, and accelerator-backed
containers were used for the transformer and language model workloads.
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B. Model Classes

Four classes of model were used. The first is a gradient-boosted tree ensemble for tabular
prediction, with an artifact of about 45 megabytes. The second is a convolutional network for
image classification, with about 240 megabytes. The third is a transformer encoder for text
classification, with about 1.2 gigabytes. The fourth is a large language model with a 14-gigabyte
base and many low-rank adapters, which is used for the adapter-serving experiments. Per-
request compute times for each class were taken from measured profiles, with batch scaling that
reflects the sub-linear growth of processing time with batch size.

C. Traffic Traces

Four traffic shapes were used. Steady traffic arrives at a constant average rate. Diurnal traffic
follows a daily cycle with a peak about eight times the trough. Bursty traffic alternates between a
base rate and sudden tenfold surges lasting about thirty seconds. Flash-crowd traffic rises by a
factor of fifty within a minute and then decays. Each trace represented twenty-four hours, with
request arrivals drawn from a Poisson process whose rate follows the shape. Results in the main
comparison use the bursty trace, which stresses the cold-start behavior of the patterns most,
and the other traces are used where noted.

D. Baselines and Configurations

The baseline is an always-on cluster of instances provisioned to meet the peak load of the
bursty trace, with a cost index of 100. The serverless configurations are the gateway-function
pattern with on-demand instances (P1); P1 with a warm pool (P1 with P2); a queue-buffered
asynchronous configuration with batching (P3 with P4); and a hybrid that combines a warm
pool, micro-batching and lazy loading (P1 with P2, P4 and P6). The warm pool was sized to cover
the base rate and scaled ahead of demand using a short moving average. The micro-batching
window was set to ten milliseconds with a maximum batch size of sixteen.

E. Repetitions and Interpretation

Each configuration was simulated with ten random seeds, and the reported values are
averages. Differences below the variation between seeds, about three percent for latency
percentiles, are not interpreted. All results come from simulation and should be read as
indicators of relative behavior and not as predictions of absolute performance on any particular
platform. The large language model experiments rely on readings from the scaling and latency
curves shown in Fig. 2 and are described in Section VI.

TABLE II. Experimental Configuration

Component Setting

Function limits 10 GB memory, 15-minute maximum duration

Accelerated Serverless containers with accelerators for transformer and language

workloads model

Model classes Tree ensemble (45 MB), CNN (240 MB), transformer encoder (1.2 GB),
language model (14 GB base with adapters)

Traffic shapes Steady, diurnal (8 times peak to trough), bursty (10 times surges), flash

crowd (50 times rise)

Baseline Always-on cluster provisioned for peak, cost index 100

Micro-batching 10 ms window, maximum batch of 16

Repetitions Ten seeds, 24-hour traces, means reported

6. RESULTS

A. Cold Starts and Model Loading

Table III shows the cold-start time for each model class under three loading strategies. With
naive loading, in which the whole artifact is fetched and initialized before the first request is
served, cold starts grew steeply with size, from 0.4 seconds for the tree ensemble to 6.8 seconds
for the transformer and 38 seconds for the large language model base. Lazy layered loading
reduced these times by about 25% for the smallest model and by 54% for the transformer and
the language model, since only the parts needed for the first request were loaded before serving
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began. A warm pool reduced the delay to the time needed to route the request to an initialized
instance, between 0.05 and 0.2 seconds. These figures explain why model size is the main factor
in choosing patterns. For the tree ensemble, a cold start is a minor inconvenience, whereas for
the transformer and the language model it exceeds any interactive latency budget.

TABLE III. Cold-Start Time (s) by Model Class and Loading Strategy

Model Class Artifact Size | Naive Loading Lazy Layered Warm Pool
Loading

Gradient-boosted 45 MB 0.4 0.3 0.05

trees

Image CNN 240 MB 1.9 1.2 0.08

Transformer encoder 1.2 GB 6.8 3.1 0.12

Language model base 14 GB 38.0 17.5 0.20

B. Pattern Comparison Under Bursty Traffic

Table IV compares the configurations for the transformer encoder under the bursty trace.
The always-on cluster, provisioned for the peak, had low latency, with a 95th-percentile of 142
ms, and no cold starts, but at a cost index of 100 and a fixed capacity of about 800 requests per
second beyond which it overloaded. The on-demand gateway-function configuration was
cheapest of the synchronous options, at a cost index of 38, and it scaled to 2,400 requests per
second, but its tail latency was poor, with a 95th-percentile of 960 ms and a 99th-percentile of
2,450 ms, because 6.1% of requests hit a cold start during the surges. Adding a warm pool cut
the 95th-percentile to 205 ms and the cold-start share to 0.9% at a cost index of 52. The queue-
buffered configuration was the cheapest, at 29, and sustained 3,100 requests per second, but its
end-to-end median was 640 ms, so it is suitable only for work that tolerates delay.

TABLE IV. Pattern Comparison for the Transformer Encoder Under Bursty Traffic

Configuration p50 p95 p99 Cold-Start | CostIndex Max
(ms) (ms) (ms) Requests Throughput
(%) (req/s)

Always-on cluster, sized 88 142 210 0 100 800

for peak

P1 on-demand functions 118 960 2,450 6.1 38 2,400

P1 with P2 warm pool 112 205 480 0.9 52 2,400

P3 with P4 queue and 640 1,350 2,100 1.4 29 3,100
batching

Hybrid (P1, P2, P4, P6) 96 178 390 0.7 41 3,400

The hybrid, which combines a warm pool, micro-batching and lazy loading, was the best
overall for latency-sensitive traffic. It reached a 95th-percentile of 178 ms, which is within about
25% of the always-on cluster, at 41% of its cost and with more than four times its sustainable
throughput. Micro-batching explains the high throughput, since batches raised the effective
capacity of each instance, and lazy loading explains the lower cold-start penalty on those
requests that did meet a new instance. The warm pool raised the cost index from 38 to 52, and
the hybrid recovered most of that increase, bringing it down to 41, because batching allowed
fewer instances to serve the same load.

C. Effect of Traffic Shape

The advantage of serverless patterns depended on the shape of traffic. Under steady traffic at
high utilization, the always-on cluster was cheapest, and serverless offered little benefit. Under
diurnal traffic, the hybrid lowered the cost index to about 47, because capacity followed the daily
cycle. Under bursty traffic, the hybrid reached 41. Under flash-crowd traffic, in which load rose
fiftyfold within a minute, the always-on cluster was overwhelmed and its 99th-percentile
exceeded several seconds, whereas the hybrid kept the 99th-percentile under 1.1 seconds by
scaling out quickly, with a brief increase in cold starts during the first seconds of the surge. The
result is consistent with the general finding that serverless platforms are most useful when
demand is variable and unpredictable [1], [4].
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D. Economics and Break-Even Utilization

Table V shows the cost of the serverless hybrid relative to an always-on cluster as a function
of the average utilization that the cluster would have achieved. At 5% utilization, serverless cost
about a quarter of the cluster, at 15% about 55% and at 30% about 100%. Above that point,
serverless became more expensive, reaching 160 at 50% utilization and 220 at 70%. The break-
even is therefore at about 30% average utilization. The explanation is that serverless charges a
premium per unit of useful work in exchange for paying nothing while idle. For workloads that
are idle most of the time, the premium is more than offset, and for workloads that keep
hardware busy, a provisioned cluster is cheaper. In practice, a mixed strategy is attractive, in
which a modest provisioned base handles the steady portion of load and serverless absorbs the
bursts, as in earlier hybrid designs [10].

TABLE V. Cost Index of the Serverless Hybrid versus Average Utilization of an Always-On Cluster

Average Utilization Cost of Provisioned Cost of Serverless Cheaper Option
of Provisioned Cluster Hybrid

Cluster

5% 100 25 Serverless
15% 100 55 Serverless
30% 100 100 Break-even
50% 100 160 Provisioned
70% 100 220 Provisioned

E. Fan-Out Pipelines

Table VI compares three ways to deploy a pipeline of three models, a detector, a classifier and
a ranker, with the last two running in parallel on the detector output. Placing all models in a
single function gave a 95th-percentile of 310 ms and defined the cost index at 100, but required
a large function of about 3.8 gigabytes and meant that any failure forced the whole request to be
retried. The orchestrated fan-out gave the lowest latency, 245 ms, because the independent
models ran in parallel, at a cost index of 128 that reflects the orchestration and the additional
invocations, and it allowed retries of individual steps. An event-choreographed variant, in which
each function publishes an event that triggers the next, cost less than orchestration, at 117, but
latency was higher, 420 ms, and the flow was harder to observe and debug. The choice depends
on whether latency, cost or observability matters most.

TABLE VI. Deployment Options for a Three-Model Pipeline

Deployment p95 Latency Cost Retry Observability
(ms) Index Granularity

Single function with all 310 100 Whole request Simple

models

Orchestrated fan-out 245 128 Per step Good, central state

and fan-in view

Event-choreographed 420 117 Per step via dead- | Harder, distributed

functions letter queue traces needed

F. Multi-Adapter Language Model Serving

Fig. 2 compares three serving systems for a large language model with many concurrent low-
rank adapters. Panel (a) shows throughput in requests per second as the number of concurrent
adapters grows from about ten to one thousand, for a baseline engine without specialized
adapter management, a system with unified adapter memory and batching, and our pooled
adapter layer, labeled P-LoRA in the figure. Panel (b) breaks the latency of a request into adapter
loading, prefill, decode and memory management.
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Fig. 2. Multi-adapter serving: (a) scalability, throughput versus the number of concurrent
adapters, and (b) latency breakdown for the baseline engine, S-LoRA and the pooled
adapter layer P-LoRA.

In panel (a), the three systems are close with about ten adapters, at roughly 180 to 190
requests per second, but they diverge as the number of adapters grows. The baseline engine falls
to about 145 requests per second at one hundred adapters, about 65 at five hundred and about
30 at one thousand. The adapter-aware system degrades much more slowly, to about 130 at five
hundred and about 95 at one thousand. The pooled adapter layer degrades least, to about 162 at
five hundred and about 145 at one thousand, which is nearly five times the throughput of the
baseline at the largest scale. In panel (b), the end-to-end latency was about 215 ms for the
baseline, 193 ms for the adapter-aware system and 164 ms for the pooled layer, which is a
reduction of about 24% relative to the baseline. The breakdown shows where the difference
arises. Adapter loading accounted for roughly 45 ms of the baseline's latency, about 28 ms for
the adapter-aware system and under 10 ms for the pooled layer. Memory management fell from
roughly 35 ms to 13 ms and then to about 6 ms, while prefill and decode times changed
comparatively little, since the base model computation is shared. These readings are
approximate, taken from the plotted values, and are summarized in Table VII.

TABLE VII. Approximate Readings from Fig. 2

Measure Baseline Engine S-LoRA P-LoRA
Throughput at 100 145 167 177
adapters (req/s)

Throughput at 500 65 130 162
adapters (req/s)

Throughput at 1,000 30 95 145
adapters (req/s)

Total latency (ms) 215 193 164
Adapter loading (ms) 45 28 8
Memory 35 13 6
management (ms)

The implication for the pattern catalog is that the cost of serving many variants is dominated
by loading and memory management and not by computation, so the pooled pattern is effective
because it removes those overheads. It also shows the limits of the pattern. It requires an
accelerator, a resident base model and a long-lived process, which makes it a poor match for
ordinary short-lived functions and a good match for serverless container platforms that can keep
a base model warm.

G. Client-Direct Reads

The client-direct pattern was evaluated for a feature-lookup workload in which clients need
precomputed scores that are stored in a managed key-value store. Serving these reads through a
gateway and function cost about three times as much per request as reading directly from the
store with short-lived credentials, and reduced median latency from 38 ms to 14 ms. The saving
comes at the price of reduced central control. Direct reads bypass the gateway's throttling,
logging and payload validation, so they require fine-grained access policies, per-client quotas at
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the store and audit logging at the data layer. We therefore recommend the pattern only for read-
only, non-sensitive or well-scoped data, and not for requests that trigger computation or side
effects, which should pass through the gateway as the purchase path does in Fig. 1.

7. DISCUSSION

The results show that serverless inference is neither universally better nor universally worse
than provisioned serving. It is a good choice when demand is variable, when average utilization
is low and when the model is small enough or loads quickly enough that cold starts are tolerable,
and it is a poor choice when traffic is steady and heavy, when the model is very large and when
latency requirements are very strict. The patterns in the catalog are tools for moving the
boundary between these cases. A warm pool, micro-batching and lazy loading together allowed
the hybrid to approach the latency of an always-on cluster while retaining most of the cost
advantage, and a queue made the cheapest option available for work that can wait.

The reference architecture of Fig. 1 illustrates a broader point, that a serverless application is
a composition of managed services and functions, and that much of its value comes from not
writing code where a managed service suffices. In inference pipelines, this suggests using
managed identity, managed gateways, managed queues, managed state machines and managed
stores wherever possible, and keeping custom code to the part that is truly specific, namely
loading a model and scoring inputs. It also suggests treating the client-direct pattern with care,
since the convenience of skipping a function must be balanced against the loss of a central
control point.

The break-even analysis gives a practical rule. Teams should estimate the average utilization
that a provisioned deployment would achieve, and if it is below roughly a third, serverless is
likely to be cheaper, while above that, a provisioned base with serverless overflow is more
economical. Because real traffic changes over time, the decision should be revisited as usage
grows. The language model results add a further rule, namely that when many variants of a
model share a base, the engineering effort should go into memory management and adapter
loading and not into scaling the number of instances.

Several limitations should be noted. The study is a simulation parameterized by measured
profiles, and real platforms vary in start-up times, scaling behavior, limits and pricing, so that
absolute numbers will differ. The cost indices are relative and ignore discounts, committed-use
pricing and the cost of engineering effort. The language model analysis is based on approximate
readings from the plotted curves in Fig. 2 and was not repeated under the simulation setup used
for the other patterns. The traffic traces are synthetic, and real traffic contains correlations and
long-tail behavior that may be harder to handle. Accelerator availability in serverless offerings is
limited and variable, which may constrain the use of patterns that depend on it. Security and
compliance considerations, such as isolation between tenants and data residency, were not part
of the quantitative analysis, even though they affect the choice of patterns in regulated settings.
Finally, lock-in to a provider's managed services is a risk that the patterns reduce, since they are
described independently of any provider, but do not remove.

Practical guidance follows from these findings. For small models with variable traffic, start
with the gateway-function pattern and add a warm pool if tail latency matters. For large models,
invest in lazy loading and warm capacity before anything else, since cold starts dominate. For
bulk work, use queues and large batches. For multi-model pipelines, use orchestration when
observability and retries matter and choreography when cost matters. For large language
models with many adapters, use a pooled adapter layer on a platform that supports accelerators.
Monitor cold-start rates, tail latency and utilization continuously, because the best pattern can
change as traffic changes.

8. CONCLUSION

This paper presented a catalog of eight serverless architecture patterns for scalable machine
learning inference pipelines, together with a reference architecture and a decision guide. The
patterns cover gateway-fronted functions, warm pools, queue-buffered asynchronous inference,
micro-batching, fan-out ensembles, lazy-loaded model caches, client-direct reads and pooled
multi-adapter serving for large language models. In simulation under bursty traffic, a hybrid of a
warm pool, micro-batching and lazy loading reached a 95th-percentile latency of 178 ms against
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960 ms for on-demand functions, at 41% of the cost of an always-on cluster and with a sustained
throughput of 3,400 requests per second. Lazy loading shortened cold starts by up to 54% for
large models, serverless was cheaper than provisioned capacity below about 30% average
utilization, orchestrated fan-out reduced pipeline latency at a higher cost, and a pooled adapter
layer sustained about 145 requests per second with a thousand concurrent adapters against
about 30 for a baseline engine.

Future work will proceed in four directions. The first is to validate the patterns on real
platforms with production traffic and to refine the cost model with actual pricing. The second is
to study predictive scaling that anticipates bursts from signals other than recent traffic. The
third is to extend the catalog to model updates, canary releases and continuous evaluation, and
to include security and compliance requirements in the decision guide. The fourth is to examine
serverless serving on edge devices and to combine it with hardware-aware scheduling for

accelerators.
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