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Abstract

Accelerating generative Al adoption has driven the expan-
sion of data centers, which amass GPUs, DRAM, and SSDs to
feed emerging, resource-hungry Al workloads. The serverless
cloud model offers a path to improve application resource
efficiency by loading instances on demand. However, the
suitability of emerging Al workloads for serverless remains
insufficiently explored.

We survey the state-of-the-art in serverless hosting for LLM
applications and find that: (1) Despite advances in serverless
LLM hosting, model loading and initialization processes still
dominate startup latency. (2) Agentic Al workloads have not
yet been characterized under the serverless context.

We propose a deployment scheme for agentic workloads
tailored for serverless, accompanied by pre-warming policies
that minimize the idle resource footprint and startup laten-
cies. This paper outlines promising research directions for
serverless agents.

1 Introduction

The growth of generative Al workloads has triggered a
broad shift in computing demand. Generative Al is resource-
intensive, requiring large amounts of accelerators, memory,
and storage. Additionally, the adoption of Al workflows in
industry is accelerating, particularly through the use of text-
based agentic applications [1-3]. To meet the large resource
requirements of Al demand, cloud providers are building new
datacenters and stockpiling hardware [4]. This shock has led
to global supply shortages of GPUs, DRAM, and SSDs [5, 6].
It is clear that to meet the growing demand for Al, we need
strategies to more efficiently manage the hardware underlying
emerging Al workloads.

The workloads behind generative Al are diverse: spanning
LLM inference, model training, fine-tuning, agentic work-
loads, semantic data stores, and more. We target LLM in-
ference and agentic workloads, as agentic applications are
rapidly emerging as a significant and growing share of Al
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workloads [1,2,7] and also show potential to be adapted to
the serverless cloud model.

Serverless computing can reduce an application’s resource
consumption by only running instances when they receive
requests. Serverless clients benefit from flexible billing: they
pay only for the time their applications are executing. To
fit serverless deployment, a workload should meet two cri-
teria: (1) Requests should arrive intermittently; a constant
demand would not benefit from the serverless model. (2) The
deployment should be packageable and able to launch new
instances on demand. Instances that take too long to spin up
cause cold-start delays, where requests must wait on standby
before being serviced. Cold-start delays are a primary source
of inefficiency in serverless deployments [§—12].

While large closed-weight models such as ChatGPT [13],
Gemini [14], and Claude [15] may benefit less from tradi-
tional serverless billing models due to sustained demand. We
view recent trends in Small Language Models (SLMs) as
a natural fit for the serverless paradigm [16, 17]. Small to
mid-sized models can deliver similar performance on domain-
specific tasks at a fraction of the size, making them far more
efficient than large generalist models [16]. While adapting
SLM deployments to the serverless model offers opportunities
for hardware sharing, inference also poses significant chal-
lenges for efficient deployment in a serverless environment.
On-demand loading of model weights can cause significant
cold-start delays. Additionally, the large memory footprint of
each model can lead to GPU contention. We survey recent
work that explores the feasibility of serverless LLM infer-
ence [18-25]. However, we find that model cold starts remain
a challenge.

In contrast to LLM inference, the suitability of agentic
workloads to serverless remains largely unexplored. Agents
present two primary challenges to serverless deployment: (1)
long-running, non-deterministic execution times that com-
plicate instance placement, and (2) stateful actions that do
not natively persist on ephemeral serverless backends. We
present a holistic characterization of agentic workloads: ex-
ploring inference patterns, resource footprints, and execution



overheads across a variety of agent architectures. We propose
that agent workflows naturally lend themselves to serverless
deployments. By loading each workflow stage independently,
we can achieve greater resource efficiency. Additionally, with
knowledge of agent workflow stages and their inference pat-
terns, we can pre-load serverless LLM instances precisely
when they are needed. We discuss a practical methodology
for this modular deployment scheme and propose our vision
for future research in serverless agents.

2 State of the Art

We first provide an overview of the state of the art in serverless
systems and the anatomy of LLM inference. We then highlight
challenges in serverless-based LLM inference and agentic
workflows.

2.1 Traditional Serverless

Through revisiting a decade of innovation in the serverless
domain, we envision solutions that parallel problems in server-
less AI hosting. Serverless computing has become a well-
established business model offering flexible pay-as-you-go
compute [26-30]: Clients upload custom functions, i.e., pro-
grams that are executed when a request arrives, while cloud
providers automatically handle resource provisioning and
instance scaling. Sharing of compute resources between func-
tion instances and tenants enables greater serving efficiency
but also introduces challenges for function isolation and re-
quest response times. Cloud providers must service requests
within the time frame defined by their Service Level Agree-
ment (SLA), while also minimizing the number of machines
used to serve them to increase efficiency. Hence, serverless
systems crucially rely on instance placement and autoscaling
policies to schedule function instances as requests stream in.

A circular dilemma arises in the serverless paradigm: the
clients who benefit most from flexible billing due to their
infrequent request patterns are ironically the most challenging
to serve effectively. Before a request can be serviced, both
the serverless runtime and client function must be loaded and
initialized. However, infrequently invoked functions will not
remain loaded, leading to cold-start delays as requests wait
for an instance to spin up.

The cold-start problem has inspired numerous widely ac-
cepted policies for handling function loading and scaling.
Since requests feature bursty arrival patterns, keeping in-
stances warm in DRAM for a keep-alive timeout can obviate
subsequent cold starts [8,9]. Opportunistic pre-warming loads
instance data before requests arrive [24, 31]. Additionally,
more functions can be kept warm in DRAM through memory
deduplication between instances [8, 11, 12].

Alternatively, cold-start latency can be addressed head-
on by optimizing function loading. Traditionally, contain-
ers provide isolation of functions between tenants, but us-
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ing lightweight virtualized language runtimes eliminates the
heavy initialization costs of containers [10, 32].

We see variations of these techniques applied for serverless
LLMs in §2.3, and extend these concepts to serverless agents
in §4.

2.2 Anatomy of an LLM Inference

LLM inference is a heavyweight, multipart operation that
plays a central role in generative Al serving. We divide an
inference into 3 stages: initialization, prefill, and decode —
the latter two occur on every inference, while the former oc-
curs only once at model load time. Understanding the internal
structure of an inference is foundational to many systems
optimizations for serving LLMs. Initialization is especially
important in serverless systems, as it lies on the hot path for
requests to cold instances. Additionally, the KV cache reduces
duplicate inference computations, thereby speeding up infer-
ence across agent prompts that share context. An example
depicting inference breakdown across these stages is shown
in Figure 1. Out of the total 37.34 seconds runtime, only 4.3
seconds (11.5%) are actually running the inference.

Initialization. Before running inference, the runtime must
load model weights into the GPU’s VRAM (model load in
Figure 1). This process is data-transfer-bound because model
weights are large, ranging from tens to several hundreds of
gigabytes [33]. In addition, the inference engine performs ini-
tialization (init engine in Figure 1), which includes compiling
the model (e.g., in the case of PyTorch) and two optimiza-
tions: First, the engine determines the sequence of kernels and
data transfers to reduce the CPU-GPU communication bottle-
neck [34,35]. Secondly, the runtime pre-allocates VRAM for
the KV cache, which is computed during the prefill stage and
used to accelerate generation [34].

Prefill. The prefill stage ingests the prompt, builds the KV
cache, and predicts the first token of the response. This stage is
compute-bound, as the entire prompt is processed in parallel.
The KV cache is an essential data structure for LLM inference,
storing intermediate states that would otherwise require re-
computation during each forward pass of the decode stage.
The length of the prefill stage is captured by the Time to First
Token (TTFT) metric, which is also the first responsive point
for the user.

Decode. The decode stage is the autoregressive process
that generates each token. Each step takes the last token,
queries the KV cache, predicts the next token, and updates the
KV cache until a termination token is generated. This stage
is memory bandwidth-bound and determines the inference
throughput (measured as tokens per second or TPS).
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Figure 1: Initialization and inference time breakdown for
gpt-0ss-20b of a simple summarization task with ~25k token
context and ~300 tokens response. Model loading is mea-
sured from DRAM to VRAM. The first two green and teal
phases show the initialization process, while the latter two,
prefill and decode stages, show the inference operation.

2.3 Serverless LLMs

As the community around open-weight models has matured,
demand for custom cloud inference solutions has emerged.
In 2025 alone, the number of models hosted on Hugging
Face doubled [17]. This trend reveals a broad interest in
open-weight LLMs. Yet, hosting a large catalog of LLMs
remains challenging. A serverless inference system serving
custom LLMs does not have the luxury of fitting warm model
instances in GPU memory. At production scale, there are
thousands of custom models to handle [19], many of which
observe sparse request patterns [36—38]. The challenge of
building serverless LLM infrastructure that mitigates cold
starts and efficiently utilizes compute has attracted significant
recent attention. We provide an overview of recent work in
serverless LLMs.

Model Initialization. Before a cold instance can service
requests, the LLLM must load into GPU memory, and the in-
ference engine must be initialized. Model initialization is the
single largest contributor to cold start latency for serverless
LLMs, often exceeding inference time [18,19,35]. We cover
the state of the art for mitigating both model transfer times
and engine initialization costs.

Model loading times can be partially mitigated by effec-
tively managing the storage hierarchy. Prior to inference, a
model checkpoint may live in VRAM, DRAM, on disk, or
in remote storage; each storage tier adds orders of magni-
tude in model loading latency [19]. SERVERLESSLLM [18§]
routes requests to nodes where model checkpoints are local,
avoiding costly model loading from remote storage. When
loading from remote storage is necessary, HYDRASERVE [22]
provides an optimization through aggregating multiple peers’
network bandwidth. Model checkpoints are distributed among
peer nodes, and new instances are placed on nodes that mini-
mize network contention.

High-bandwidth GPU-GPU links are a powerful mech-
anism for moving model weights that are already present
within one accelerator’s memory. These links can be used for
rapid horizontal scaling in response to request bursts [19,39],
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achieving over 10x speedup for model loading at 72 bil-
lion parameters. Alternatively, task migration can leverage
these high-bandwidth links to free up space for new instances
loaded from local DRAM [18].

In addition to transferring weights, inference engines run
lengthy initialization processes to optimize inference serving.
MEDUSA [35] targets the initialization overhead with materi-
alization, delegating a portion of the initialization to offline
preprocessing. MEDUSA introduces optimizations to remove
dynamic memory management during KV cache creation,
and further parallelizes this stage alongside model loading.
Similarly, CUDA graphs are consistent in structure across
consecutive model loads but still depend on dynamically de-
termined data pointer values at runtime. MEDUSA addresses
non-determinism by inserting a shim layer to abstract runtime-
dependent kernel parameters.

While there is significant progress in reducing cold-start
costs for serverless LLMs, hardware limits still set a lower
bound on achievable cold-start times. Loading a mid-sized 34
billion parameter model takes on the order of seconds under
typical conditions (e.g., 2s from DRAM, 11s from disk in
prior work [19]).

The additional inference engine initialization is also on the
order of seconds, even with offline preprocessing [35]. To
further mitigate cold starts for LLMs, we need methods to
predict which models are accessed before a request arrives.

Pre-warming. Serverless orchestrators often proactively
load instance data in anticipation of an incoming request, a
process called pre-warming. With serverless LLMs, the or-
chestrator can preload the model into DRAM or even VRAM,
thereby significantly reducing time to first token.

DEEPSERVE [19] implements pre-warming by predictively
loading up to 1.5TB worth of models to DRAM. Unfortu-
nately, even if the model is present in DRAM, loading to GPU
memory can still take significant time. Many prior works as-
sume DRAM pre-warming as an implicit starting point for
cold start optimizations [20,21, 25, 35].

INSTAINFER [24] surpasses pre-warming and proposes pre-
loading model data directly to the GPU. INSTAINFER does
not evaluate against LLMs, but the technique shows promise
for other ML inference workloads.

Another optimization angle lies in parameter duplication
across models. In particular, fine-tuned models derived from
the same base model share over 99% of parameters [20].
SERVERLESSLORA [20] leverages this to separate the load-
ing stages of base models from their fine-tuned parameters.
By keeping base models in GPU memory, subsequent infer-
ence requests require loading only the small, fine-tuned layers.
This mechanism effectively prewarms multiple models for
the price of one. PIPEBOOST [25] takes this idea further, and
allows for inference to start on the GPU in parallel with the
loading of the fine-tuned layers.



Serving Density. By maximizing the utilization of all avail-
able compute, serverless LLM systems can serve more re-
quests with the same amount of hardware. Serverless LLM
systems that rely solely on GPUs for inference leave CPUs un-
derutilized. SLINFER [21] demonstrates that CPUs equipped
with matrix accelerators (Intel AMX) can serve small to mid-
sized LLMs without violating SLAs.

CPU compute is not the only underutilized resource; the
memory bandwidth-heavy nature of LLM inference leaves
plenty of GPU compute headroom [40]. WAGES explores
GPU sharing through NVIDIA Multi-Process Service (MPS),
partitioning GPUs into multiple instances for simultaneous
inference of multiple models [23]. Additionally, GPUs expose
fine-grained frequency controls, which WAGES leverages to
minimize energy consumption during LLLM execution.

2.4 Agent Serving

While agent serving has not been covered under the server-
less context, many works [41-44] have explored how agent
execution context can aid LLM serving. These serving opti-
mizations happen behind the LLM API, within the inference
provider’s infrastructure. We discuss how we can leverage the
structure of agent workflows and management of KV caches
to accelerate LLM inference. These same concepts also ex-
tend to serving agents themselves, which we explore in §4.

Control Flow Graphs For our purposes, we define agents
as any logic that encapsulates and extends LLM inference.
Some agents follow predefined static paths, while others have
dynamic, recursive workflows that depend on the input query.
Existing LLM serving systems optimize for single-shot infer-
ence, overlooking the broader application context available in
agentic workflows.

Decomposing agentic workloads into their component
stages reveals scheduling opportunities to better utilize un-
derlying hardware. The stages of agentic workflows can be
modeled as a Control Flow Graph' (CFG), where nodes per-
form inference or invoke tools. Several works leverage an
agent’s CFG to schedule inference invocations, optimizing
end-to-end response times through batching parallel phases
and boosting priority of late inference stages [41,42,44].

KV Cache Management Agentic workloads reuse signifi-
cant portions of prompts across LLM invocations, allowing
for sharing of intermediate inference results [41—45]. There
are two kinds of context reuse: intra-request reuse of query-
specific context that overlaps between workflow stages, and
inter-request reuse of static system prompts reused across
all queries. CORTEX leverages inter-request reuse through
stage separation, routing all inference requests of each stage

"Workflows are commonly referred to as DAGs in the literature; many
agent workflows are cyclic. We opt for CFG to clarify the term.
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to a dedicated inference instance [43]. This improves the KV
cache hit rate as requests on the same engine share stage-
specific system prompts. Alternatively, HELIUM treats KV
cache reuse as a first-class citizen by analyzing workflow
stages for prompt similarity and proactively collocating simi-
lar prompts [42]. Additionally, HELTUM implements a proac-
tive caching strategy that precomputes KV cache data for
the static portion of agent prompts. These results are cached
globally and preloaded into GPU memory as the inference
engine fields similar requests.

3 Characterizing Agentic Resource Footprints

To design effective systems to support agentic workloads, we
first need to understand their workload characteristics A cen-
tral challenge in characterizing agents is the diversity in their
size and complexity. Static Retrieval Augmented Generation
(RAG) workflows typically issue only a single inference invo-
cation and use minimal CPU orchestration, whereas coding
agents can exhibit long execution times due to iterative con-
trol flows and heavyweight tool calls. We present a case study
over three representative agentic workloads, chosen to cover
a breadth of workflow archetypes:

Static RAG Agent (Figure 2) A static question answering
RAG workflow [46]. Based on the user query, the web
search API returns a list of relevant pages. The agent then
fetches the content of each page and uses LexRank [47]
to extract key sentences. Finally, a single LLM inference
invocation generates the answer to the user query.

Mini SWE agent (Figure 3) A linear iterative workflow for
solving coding tasks. The execution loop takes a query and
prompts an LLM to either generate a bash script or exit at
each step. The agent executes the bash script and prompts
the LLM again with the execution results. This is a simple
example of a ReAct-style agent architecture, where agents
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Figure 5: Resource usage over agent execution. Shaded regions denote active LLM inference, with darker regions representing

concurrent inference.

take successive reason, act, and observe steps to achieve a
task [48].

GPT-Researcher (Figure 4) A multi-agent workflow for
generating research reports. This is an example of both
the scatter-gather architecture and multi-agent execution.
The browser agent receives a user query and performs
a preliminary web search to gather the background. The
planning agent then processes the background to determine
subtopics for multiple researcher agents. Each researcher
agent gathers data through additional web search and sum-
marization steps. Finally, a writing agent compiles each
researcher’s results into a final report.

We deploy each agent system on a single node equipped
with an A100 GPU (80GB VRAM), two AMD 7343 16-core
processors, and 1 TB DDR4 DRAM. The static RAG agent
and GPT-Researcher use OpenAl’s gpt-o0ss-20b. Mini SWE
Agent uses Qwen3-Coder-30B, which is tailored for program-
ming tasks. We capture CPU, memory, network, and GPU
utilization over the course of execution for each workload,
split between the vVLLM inference engine and the agent.

34

Varying Execution Time. The execution time between
each agent varies substantially. The static RAG pipeline (Fig-
ure 5a) executes in over 3 seconds, with 65% of time spent
solely on the LLM inference. Mini SWE Agent (Iigure 5b)
spends 3 turns completing its task in over 44 seconds, roughly
equally splitting execution time between inference and tool
execution. GPT researcher (Figure 5c) fans out to 3 researcher
agents and invokes 14 inference requests over a 128-second
time period.

We note that, despite similar model sizes and architec-
tures, LLM inference times vary with task complexity. Sim-
ple, scoped tasks (e.g., write a short summary, issue a single
bash command) correlate with short inference requests (3-5
seconds). On the other hand, we see inference for reasoning-
heavy tasks (report writing and code generation) takes sub-
stantially longer (10-30 seconds).

Different Resource Consumption. Just as execution times
vary across agent workflows, so does the resource consump-
tion. Memory usage peaks at ~500MiB for the RAG agent,
~100MiB for the Mini SWE Agent, and 1GiB for GPT-



Researcher. We attribute this to intermediate document stores
built from web-scraped content. The CPU usage of the RAG
agent and GPT-Researcher is relatively low, while the Mini
SWE Agent exhibits a long tool-calling period that fully uti-
lizes a single core.

Significant Idle Periods. The plots clearly show the phases
of each workflow as agents switch between LLM and tool
invocations. We observe that the different system components
experience significant idle periods. While the overall agent
spans many components, not all of them execute work simulta-
neously. For example, the allocated GPU resources (VRAM)
are not freed, even though there is no interference running on
the GPU. This suggests that loading and unloading compo-
nents independently can reduce the agent’s resource X time
footprint. For example, long GPT-Researcher prompts cause
LLM inference to last up to 30 seconds. Consequently, the
agent logic could be unloaded during this time. Similarly,
Mini SWE Agent experiences a 26-second tool call, where
the LLLM could instead be scaled down. We extend this idea
into a practical serverless agent deployment scheme in §4.

Summary. Our analysis shows that agentic workloads ex-
hibit distinct, predefined execution patterns during which com-
ponents become idle. This raises the question: How can we
build an efficient, serverless system for agentic workloads?

4 A Vision For Serverless Agents

Agents are emerging as an increasingly important driver of
Al demand. Deploying agents in a serverless architecture
can improve the resource efficiency of Al workloads. How-
ever, agents pose several challenges distinct from those of
traditional serverless workloads. For one, agents can be long-
running, with execution times on the order of minutes that am-
plify total resource consumption compared to high-turnaround
tasks. Additionally, agents are stateful: context can persist
over subsequent requests, and agent functionality may rely on
stateful actions within tool environments.

We propose the following concepts to amend agents to-
wards practical serverless deployment:

1. Modular Deployment: Agent workloads have a widely
recognized substructure of LLM inference and tool invoca-
tions. Deconstructing agent workflow stages into isolated
function instances gives the serverless orchestrator greater
flexibility for instance scaling.

2. Small Language Models: Small fine-tuned models show
promise for narrowly scoped tasks and have a much smaller
resource footprint than LLMs. We show how small lan-
guage models can benefit from serverless deployment
through co-design with serverless agents.

3. Workflow Graph Framework: Deploying agents on
serverless systems requires application-level changes. We
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Figure 6: Modular Serverless Agent System Design. The light
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less infrastructure. Solid arrows denote the client request path,
and dashed arrows represent infrastructural interactions.

introduce a programming model that minimizes porting
effort from popular agent frameworks while enabling effi-
cient serverless scaling across agent components.

4. Tool Sandboxes: To manage the high degree of session-
level state between agent requests, we propose a solution
for checkpointing and restoring stateful tool sandboxes
within the serverless context.

4.1 Use Modular Deployments

We can deploy an agent in a serverless system today, just
as any other function, by bundling its orchestration logic,
LLM invocation, and tooling in a single package. The server-
less agent may make external API calls for subtasks that
require heterogeneous compute or persistence: LLM infer-
ence through paid token APIs [13-15], custom models hosted
on a serverless LLM platform [19,49-51], vector databases,
document stores, or any number of external resources. We
refer to this single-package approach as the monolithic de-
ployment. All serverless scheduling decisions, for instance,
loading, keep-alive, and horizontal scaling must operate on
the entire agent’s container.

Alternatively, we can deconstruct serverless agent deploy-
ments into their individual workflow stages for greater re-
source efficiency. We represent an agentic workload as a con-
trol flow graph (CFG) [41,42,44], where each node represents
an LLM invocation or tool execution. LLM invocations are al-
ready inherently decoupled from monolithic deployments via
API calls to LLM-serving systems. Additionally, we decouple
the agent orchestration logic from invoked tool sandboxes,
resulting in a fully modular deployment.

Figure 6 shows the modular design of the resulting system.
The system handles the request as follows: (1) Client request
enters the serverless system and is routed by the load balancer.



(2) The load balancer queries the serverless control plane to
inform instance startup and scaling. (3) Agent Framework re-
trieves session history from the storage layer. (4) As the agent
executes, it updates the Agent Workflow Manager with the
current stage progress. (5) An external LLM provider handles
inference requests. (6) Stateful tool invocations are routed to
independent tool sandboxes. (7) The Agent Workflow Man-
ager policy decides the tool sandbox checkpoint and restore.
(8) The Agent Workflow Manager policy decides when to
load serverless LLM instances.

We discuss tool sandboxes and the handling of tool side
effects in 4.4. The agent’s orchestrator remains responsible
for assembling prompts, LLM invocations, parsing LLM re-
sponses, and invoking tool calls. The modularized deployment
enables execution with the minimal set of resources active at
once, aligning agent deployments with the objectives of the
serverless cloud model.

Separating agent workflow components enables us to lever-
age serverless instance scaling more efficiently. Consider a
keep-alive policy that selectively keeps the agent orchestrator
warm in DRAM: when a new request arrives, the orchestra-
tor can execute immediately, while latter tool environments
load in parallel. This approach will reduce the agentic de-
ployment’s resource footprint while achieving performance
comparable to that of the monolithic deployment. A similar
argument holds for cold starts: when a request arrives, only
the orchestrator must be loaded before function execution
can begin. Subsequent tool sandboxes can be loaded in paral-
lel, mitigating cold-start latency compared to coarse-grained
loading in monolithic agent deployments.

The primary challenge of a modular deployment is in which
stages to load and when. If workflow stages are loaded only
when accessed, the system maintains maximum resource ef-
ficiency but incurs the cost of additional internal cold starts.
Conversely, if all workflow stages remain loaded throughout
the agent’s execution, the deployment offers no efficiency
gain over the monolithic deployment. We propose adding an
agent workflow manager to the serverless system’s control
plane to manage the lifetime of each component relative to
the agent’s execution progress. With the agent’s CFG and a
history of component execution times, the agent workflow
manager can selectively unload and restore components as
needed to balance application performance and resource effi-
ciency.

4.2 Leverage Small Language Models

Despite the industry dominance of large generalist models,
small custom models show strong performance on agentic
workloads at a fraction of the resource requirements [16].
Fine-tuned small language models (SLMs) are an efficient
alternative for narrowly scoped agentic subtasks that do not
require the generality of LLMs. We argue that serverless
infrastructure for agents should explicitly support custom
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SLMs as first-class citizens.

SLMs are a natural fit for serverless deployment; they are
lightweight and application-specific. Specifically, the size
of SLMs provides practical benefits for agent deployments:
Many models can be pre-warmed into DRAM simultaneously,
and deduplication of shared base model weights further leads
to substantial memory savings [20]. Moreover, SLMs enable
practical CPU-based inference, which improves model deploy-
ment density by harnessing underutilized CPU compute [21].

Co-designing serverless agents with SLM deployments
can effectively mitigate cold-starts. When using GPUs to run
SLMs, the fundamental cold-start overhead from the heavy
data movement required to load model weights into GPU
memory remains. However, the application context from agent
workflow execution removes the guesswork from SLM scal-
ing. The agent workflow manager treats SLM inference as
another modular component of an agent’s deployment, proac-
tively loading and unloading the model as the agent executes.
We further discuss how co-designing serverless agents and
SLM deployment can improve inference performance through
KV cache management (see §4.4).

4.3 Promote Workflows to First Class Citizens

Migrating an agent to serverless infrastructure requires
application-level changes. This is generally the case for any
workload, as developers must contend with the limitations
of ephemeral function instances. However, we note that the
event-driven nature of agentic workflows naturally suits the
serverless model. We outline a programming model that com-
plements our modular deployment strategy, enabling stage-
wise loading and execution of agent workflows.

Similar to popular agent frameworks, we model each work-
flow stage as a function execution. We arrange the stages into
a control flow graph (CFG) and register it with the serverless
agent framework. Each stage takes in the output of the previ-
ous stage, executes some work, and returns an intermediate
state for the succeeding stages, similar to Dandelion [52].

The framework controls stage execution by coordinating
with the agent workflow manager on component loading deci-
sions, for instance. This programming model is flexible and
comfortably handles the breadth of agent diversity, from small
static workflows to complex multi-agent architectures.

Agent workflow components can fall into one of the follow-
ing categories: agent orchestration, LLM/SLM API calls, or
tool invocations. When registering with the serverless agent
framework, we annotate each component with one of these
types, along with its state-management context (§4.4). The
serverless agent framework uses these annotations to execute
the deployment with the minimal required resource footprint.
For example, we find that the agent orchestration logic experi-
ences significant inactivity, e.g., while waiting for downstream
execution results. This inactivity is especially prevalent in
scatter-gather operations, where many LLM inference invoca-



tions happen in parallel and agent execution cannot continue
until the last inference finishes. The serverless agent frame-
work can instead scale down the orchestrator during these
operations and pass the results into the next workflow stage
when they’re ready.

4.4 Persist Agent State

There is a critical design tension when deploying agents on
serverless infrastructure: agents are stateful, while serverless
functions are stateless. This mismatch is not a fundamental
design blocker, but it does need to be addressed to prevent
considerable inefficiencies in stateful function serving. From
the agent’s perspective, the state exists at the session level
— exposing a turn-based interface to users for iteration on
a target task. We can break down the agent’s state into the
following: orchestration state, used for the prompt generator,
tool execution state, which captures the results of actions
within the tool execution environment, and KV Cache state
for inference.

Orchestration State. By isolating the tool execution en-
vironment from orchestration through modular deployment,
we remove nearly all session-state overhead. The orchestra-
tor still requires some session-level state for agent execution:
specifically, the LLM prompt history, which captures context
from prior user requests. A key-value store can easily back
the agent’s context based on a session ID. The history can be
retrieved when a request arrives and appended to after each
LLM inference. To reduce latency, we can embed local key
value stores alongside function instances [53].

Tool Sandbox State. A tool sandbox provides agents with
an environment to enact actions and observe their results.
The persistence requirements are inherently diverse: Some
tool invocations are entirely stateless, like the web search
in a single-turn RAG agent. Whereas modern coding agents
depend heavily on stateful environments, requiring persistent
filesystem modifications and shell sessions between requests.

To support these capabilities in a serverless deployment,
we require a mechanism that can snapshot a running instance
and restore it on demand. CRIU (Checkpoint/Restore In
Userspace) [54] provides precisely this functionality through
freezing a container’s execution and checkpointing its state
to disk. This technique is used in AWS Firecracker [30] to
checkpoint micro VM state immediately after initialization,
minimizing cold-start delays. We can use the same concept to
pause and resume an agent’s tool environment in accordance
with the workflow manager’s policy.

Freezing and checkpointing a container are heavyweight
operations. Ideally, we want to incur full checkpointing costs
only when necessary for the application. We propose annotat-
ing tool executions with their required level of statefulness,
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ranging from stateless to file-system only to file-system and
active processes.

KV Cache Management. Despite being hidden behind
the LLM inference API, KV cache state remains essential
to agent performance. The KV cache is an implicit piece of
session state that stores information about processed tokens.
Agent prompts share a large amount of context across succes-
sive inferences, and prompt caching reduces redundant work
by precomputing the prefill steps for shared tokens. Some
closed-weight LLM APIs provide limited control over prompt
caching [55,56], enabling short-term storage, but with limited
flexibility.

In the context of serverless SLM deployments, KV cache
management can be aided by workflow progress. If an SLM
instance is scaled down during agent execution, we want to
persist the KV cache for future inference invocations. We can
further improve KV cache management through precomput-
ing the static portion of system prompts at compile time and
maintaining a global view over KV caches [42]. Since KV
caches can grow to several gigabytes, the tradeoff between
storing to disk and recomputing remains nuanced.

5 Conclusion

We survey the state of the art for serverless hosting of gener-
ative Al inference workloads. Our study shows that agentic
workloads have an inherent structure that parallels that of
serverless deployments. Agents should be treated as work-
flows whose stages can be scheduled, scaled, and optimized
independently. This requires the serverless architecture and
the scheduler to become agent-aware. We present promising
research directions for agent deployment to reduce resource
consumption, efficiently serve small language models, and
manage agent state.
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