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Abstract
FaaS platforms rely on cluster managers like Kubernetes for
resource management. Kubernetes is popular due to its exten-
sible state-centric APIs and modular architecture. However,
to scale out a burst of FaaS instances, message passing be-
comes the primary bottleneck as controllers have to exchange
extensive state through the API Server. Existing solutions opt
for a clean-slate redesign of cluster managers, at the expense
of ecosystem compatibility and substantial engineering effort.

We present KUBEDIRECT, a Kubernetes-based cluster man-
ager for FaaS. We find that there exists a common narrow
waist across FaaS platforms that allows us to achieve both
efficiency and external compatibility. The narrow waist has a
sequential structure that obviates the need for a single source
of truth, allowing us to bypass the API Server and perform
lightweight direct message passing. However, our approach
introduces distributed and ephemeral state across controllers,
making it challenging to enforce end-to-end semantics with-
out centralized coordination. KUBEDIRECT performs novel
state management that leverages the narrow waist as a hi-
erarchical write-back cache, ensuring consistency and con-
vergence to the desired state. KUBEDIRECT can seamlessly
integrate with Kubernetes, adding ∼150 LoC per controller.
KUBEDIRECT can reduce serving latency by 26.7× over Kna-
tive, and has similar performance as the state-of-the-art clean-
slate platform Dirigent.

1 Introduction
Serverless computing, or Function-as-a-Service (FaaS), has
gained significant traction in modern cloud applications [37,
55, 58, 64, 67, 71, 79, 86, 87, 91, 95, 102]. Users decompose
applications into fine-grained functions, and the FaaS plat-
form automates the deployment process [59–61, 99, 100]. To
utilize the cloud infrastructure, FaaS platforms typically rely
on low-level cluster managers [21, 83, 93, 94]. For example,
the Kubernetes cluster manager has given rise to Knative [18],
OpenFaaS [28], Fission [12], and many others [20, 30].

Kubernetes has become the de facto choice for FaaS plat-
forms due to its state-centric design principle that enables

great extensibility [42,89,90]. It represents the cluster state as
a set of API objects [21] stored in etcd, a persistent key-value
store [11]. It distributes the cluster management logic across
a set of controllers that collaborate through a pub-sub service
offered by the API Server (the etcd frontend). Controllers
subscribe to changes on certain API objects, take actions ac-
cordingly (e.g., scheduling), modify other objects to update
the cluster state, and finally publish the objects to the API
Server to trigger dependent controllers. To extend Kubernetes,
developers can define custom object APIs and corresponding
controllers that translates them to and from the built-in APIs.
Today, Kubernetes has fostered a rich ecosystem that manages
networking, monitoring, storage, and security [14, 16, 31, 32],
providing critical services to production-grade systems.

However, extensibility comes at the cost of efficiency due
to the indirect write-notify round trips to the API Server be-
tween controllers. We find that while controllers are fast with
their internal logic (orders of milliseconds), they spend sub-
stantial time on message passing when exchanging a large
amount of state. Consequently, provisioning hundreds of FaaS
instances takes tens of seconds in Kubernetes (§2). How-
ever, massive upscaling is prevalent in FaaS due to its bursti-
ness [82], e.g., there can be 16K instance creations per minute
in the Azure Functions trace (§2). Moreover, upscaling hap-
pens on the critical path of request handling, where excess
requests are queued until new instances become ready (i.e.,
“cold starts” [98]). The overhead is further amplified due to
most requests being short-lived [84]. In contrast, creation
of the container itself only incurs sub-second or even sub-
millisecond latency [36, 49, 63, 76, 96].

Existing solutions opt for a clean-slate redesign of FaaS
platforms as opposed to extending legacy cluster man-
agers [44,46,51,85,91,101]. In pursuit of efficiency, they fun-
damentally diverge from the state-centric and modular design
philosophy of Kubernetes, which limits their compatibility
with the existing ecosystem. On the one hand, basic function-
alities like scheduling and routing, whereas well-developed
in Kubernetes, have to be built from scratch. On the other
hand, critical extensions like service meshes [16] or monitor-
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ing tools [31] cannot enjoy push-button deployment as they
depend on the API pub-sub service, necessitating non-trivial
manual integration.

In this paper, we show that existing cluster managers can be
optimized for FaaS without compromising compatibility. Our
insight is that there exists a narrow waist consisting of sev-
eral well-known controllers (Figure 1) that are always present
in Kubernetes-based FaaS platforms, covering the common
functionality of scaling out FaaS instances. Upstream to the
narrow waist are platform-specific controllers that translate
user-facing APIs and policies to the narrow waist. Down-
stream are data plane load balancing components that sub-
scribe to the output of the narrow waist, i.e., the readiness of
FaaS instances. The fact that the upstream is offline and the
downstream read-only implies that (1) performance-wise, the
narrow waist is the primary source of cold start latency; (2)
implementation-wise, the narrow waist is cleanly separated
from the outside, allowing for optimizations without affecting
external compatibility.

To optimize the scaling process, we bypass the API Server
bottleneck with lightweight direct message passing through
the narrow waist. Our insight is that the API Server is redun-
dant in two aspects that make our approach practical. First,
it persists every state transition in the cluster to etcd and
enforces exact state recovery across failures. However, in-
stances halfway through provisioning are naturally fungible.
Because they are not associated with any physical resources
or requests, they are free from side effects and can be safely
replaced across failures. Moreover, controllers are designed
as state machines that continuously query whatever the cur-
rent cluster state and drive it to the desired one, making them
tolerant to rollbacks where missing instances can be recreated
as needed. Second, the API Server is responsible for resolv-
ing conflicts and serializing concurrent updates to the same
object. However, the scaling process follows a stage-wise pat-
tern where controllers sequentially decide the desired state of
API objects, allowing for conflict-free collaboration.

A strawman solution of direct message passing is to send
the API objects as is between controllers. However, there
is still substantial redundancy: each controller only updates
a few object attributes, e.g., the Scheduler only sets the tar-
get node, whereas the rest are static or predetermined. We
therefore decouple the dynamic and static attributes and differ-
entiate the APIs used in message passing and internal control
loops with dynamic materialization. The sender only trans-
mits the delta attributes for efficiency, and the receiver assem-
bles the dynamic and static attributes in-memory, converting
to standard API objects for transparent processing.

While it is straightforward to use P2P communication to
avoid central bottlenecks, it is challenging to systematically
apply this idea while maintaining consistency and fault toler-
ance. Originally, the API Server serves as the single source
of truth of the cluster state to all controllers. KUBEDIRECT,
in contrast, must reconcile the ephemeral state introduced by

direct message passing across distributed controllers, in the
absence of centralized coordination. We note that the sequen-
tial structure of the narrow waist is analogous to the chain of
storage servers in the Chain Replication protocol (CR) [81].
However, CR assumes homogeneous backups that only per-
form replication, whereas controllers in KUBEDIRECT are
heterogeneous state machines with active state transitions,
leading to novel challenges.

First, because controllers can perform non-idempotent op-
erations, e.g., scheduling depends on the varying cluster load,
and also in an asynchronous fashion, naively propagating the
upstream state like CR can lead to inconsistencies. Our insight
is that we should instead model the narrow waist as a hierar-
chical write-back cache, where we opportunistically forward
the upstream state transitions towards the tail, and handle
downstream transitions and/or failures as cache invalidations
to the upstream. We design hard invalidation for joining crash-
restarted controllers back to the chain, and lightweight soft
invalidation for live controllers.

Second, KUBEDIRECT should adhere to the conventions
on instance lifecycle in Kubernetes, especially for instance
termination, i.e., the transition to the Terminating state is irre-
versible. This calls for separate handling of termination and
provisioning, because we cannot rollback the former like we
would the latter. However, termination turns out to be idem-
potent. We therefore introduce a special type of Tombstone
object and perform CR-style replication along the aforemen-
tioned opportunistic forwarding pipeline, which implements
asynchronous termination, e.g., downscaling. On top of that,
we implement synchronous termination, e.g., preemption, by
blocking on downstream invalidations.

We implement a prototype of KUBEDIRECT on top of Ku-
bernetes and the Knative FaaS platform [18]. We change only
∼150 LoC per controller in the narrow waist, and support ex-
ternal extensions out-of-the-box. We verify KUBEDIRECT’s
convergence to the desired cluster state with TLA+. In sum-
mary, we make the following contributions.
• With the design and implementation of KUBEDIRECT, we

affirm that legacy cluster managers can be seamlessly opti-
mized for FaaS without compromising compatibility.

• We propose on-demand materialization for direct message
passing that achieves both efficiency and transparency.

• We ensure consistency across controllers and convergence
like Kubernetes with pairwise state management.

• Experiments show that KUBEDIRECT improves function
serving latency by 26.7× over Knative, and has similar
performance as the state-of-the-art system Dirigent.

2 Background and Motivation
2.1 Kubernetes Basics

Kubernetes is highly extensible and supports a large ecosys-
tem of extensions. The CNCF Artifact Hub alone hosts 15.6K
extensions [8]. An extension is a set of custom APIs and con-
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Figure 1: The narrow waist of Kubernetes-based FaaS plat-
form and the scaling critical path. We consider scaling N Pods
for K ReplicaSets in an M-node cluster.

trollers that collaborate with the Kubernetes core. Examples
include Istio for networking [16], Prometheus for monitor-
ing [31], Redis for storage [32], and Jenkins for CI/CD [17].

The rich ecosystem makes Kubernetes a natural choice for
developing FaaS platforms. We analyze the architecture of
three popular Kubernetes-based FaaS platforms: Knative [18],
OpenFaaS [28], and Fission [12]. In spite of the diverse user
APIs and policies, they share a common narrow waist of
controllers that implements the basic functionality of scaling
out FaaS instances as shown in Figure 1–2.

Figure 1 illustrates the API objects (capitalized) and con-
trollers (italicized) in the narrow waist. Pod is the basic unit
of scheduling, which specifies several containers to serve as
one FaaS instance. ReplicaSet manages a group of Pods that
share a common template. Deployment is a higher-level ab-
straction of ReplicaSet that implements versioning and rolling
updates across versions; it is the Kubernetes-equivalent of a
FaaS function. In case of upscaling, the critical path consists
of the following steps. 1 The Autoscaler computes the de-
sired number of instances based on runtime metrics. It scales
a Deployment by updating its replicas field. 2 The De-
ployment controller selects the ReplicaSet of correct version
and in turn sets its replicas field. 3 The ReplicaSet con-
troller creates a set of new Pods to match the desired scale. 4
The Scheduler assigns them to cluster nodes by updating the
nodeName field of each Pod. 5 The Kubelet on each node
filters the locally assigned Pods and forwards them to the sand-
box runtime. Finally it marks the Pods ready by populating
their status fields and exposes them to the data plane.

As shown in Figure 2, upstream to the narrow waist are
platform-specific controllers that perform offline configura-
tions, and downstream are load balancing components that are
read-only to the Pod API. Therefore, in terms of performance,
the narrow waist is the primary source of latency. In terms of
implementation, the differences in upstream configurations
are normalized by the Deployment API and the common API

Worker Node

Kubelet
(Sandbox Manager)

RuntimePodPod

FaaS Orchestrator K8s Cluster Manger

Gateway
Monitor

Load Balancer

Custom Controllers

Autoscaler

# replicas =
load / target util. 

Core Controllers

API Server etcd

K8s Core

m
et
ric
s

po
lic
y

spec.

①

②③

④

⑤

Figure 2: Architecture of Kubernetes-based FaaS platform.
We highlight the narrow waist in orange. 1 to 5 are from
Figure 1 and are indirect calls via the API Server.

call 1 , and the choices of downstream data plane by 5 . For
example, Knative [18] exposes the Knative Service API to end
users and internally translates it to Deployment through the
Knative Serving controller. Its data plane, based on Istio [16],
monitors the Pod API for routable endpoints.

Note that unlike the Autoscaler, the standalone services
like Istio [16], Nginx [27], or Prometheus [31] in the data
plane are not part of the FaaS platform codebase. Therefore,
our prototype of KUBEDIRECT optimizes 1 to 4 and leaves
5 to the API Server, in favor of compatibility As we show

in the next section, 5 is not the key bottleneck because it is
amortized across all Kubelets and nodes in the cluster.

2.2 The Message Passing Bottleneck

While the state-centric APIs allow for great extensibility, it
complicates the message passing between controllers. Pre-
vious works [7, 46, 47, 101] have identified several factors
that make message passing expensive: (1) the amount of data
exchanged, with an average of 17KB per object [46], (2) se-
rialization/deserialization, and (3) persisting to etcd. Conse-
quently, to avoid overwhelming the API Server and etcd, we
find that Kubernetes rate-limits individual controllers in issu-
ing API calls [2], resulting in poor performance when they
need to pass a large number of objects to their downstreams.
While simply relaxing the rate limits is known to cause sta-
bility issues [1, 7], tuning this configuration turns out to be
labor-intensive [3–5, 62], with a strong dependency on the
actual workload and hardware. Note that batching API calls
will not help, as it simply evades the rate limiter but does not
reduce the actual load on the API Server and etcd. In this
paper, we aim to design an efficient message passing mech-
anism that does not require intricate tuning or fundamental
refactoring of the Kubernetes architecture.

To understand the status quo overhead, we measure the end-
to-end (E2E) upscaling latency with varying number of Pods
in an 80-node Kubernetes cluster, and break down the latency
across the controllers in the narrow waist. Figure 3a shows
that the controllers face non-trivial bottlenecks except the
Kubelets. We find that they are fast with their internal logic
(100s of milliseconds) but spend most of the time passing
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Figure 3: The gap between Kubernetes and serverless.

objects to the next controller ( 1 – 4 in Figure 1). Although
they work in a pipelined fashion, the end-to-end latency is
still dominated by the slowest stage. The Kubelets are more
scalable because they are only responsible for the local sub-
set of Pods ( 5 ). While it is possible to replicate and shard
the other controllers in a similar fashion, doing so requires
non-trivial refactoring of the Kubernetes codebase and even
more tuning, which contradicts our design goal of minimum
intrusion and maximum reuse.

The message passing bottleneck makes Kubernetes inad-
equate for bursty FaaS workloads where massive scaling is
prevalent. Figure 3b shows the cold start rate in the Azure
Functions trace [84] under a conservative 10-minute instance
keepalive policy. There can be 16K cold starts in a minute,
far beyond the capability of the Kubernetes control plane.

2.3 Opportunities for Efficient Message Passing

Bypassing the API Server. We note that traversing the API
Server is not a fundamental requirement for the narrow waist.
First, the API Server persists every state transition to etcd.
However, a closer look at 1 – 4 in Figure 1 shows that they
belong to two categories that both do not require persistence.
(1) 1 2 are level-triggered; the desired number of replicas
is repeatedly computed in each interation of the autoscal-
ing loop, without needing to memorize the last decision. (2)
3 4 work with uninstantiated Pods that only declare their

resource requirements and yet free from side effects, which
can be replaced across failures. Second, the API Server is
responsible for resolving conflicts and serializing concurrent
updates to the same object. However, the sequential structure
of the narrow waist allows for conflict-free, one-to-one mes-
sage passing. That is, each controller can exclusively decide
the desired state of objects in the current stage (i.e., one writer)
and pass each to a single downstream (i.e., one reader). For ex-
ample, although the Scheduler is the upstream to all Kubelets,
each Pod is only relevant to its designated Kubelet. Therefore,
bypassing the API Server is practical for the narrow waist.

Eliminating the redundancy in messages. A strawman so-
lution is to send the API objects as is between controllers.
However, as per §2.2, prior works also identify the amount
of data exchanged and serialization/deserialization as a prob-
lem [7,46,101]. Quantitatively, we find that it incurs 20%-35%
overhead (§6.3). Our key observation is that most API calls
in Figure 1 only update a few attributes, whereas the rest are
static or predetermined, suggesting substantial redundancy.
For example, when creating a Pod ( 3 ), its specification is
copied from the template attribute of its parent ReplicaSet. To
eliminate the redundancy, we can decouple the dynamic and
static attributes and differentiate the APIs used in message
passing and control loops, so that we can achieve efficiency
for the former and transparency for the latter.

2.4 Challenges for State Management

The key problem of direct message passing is that it intro-
duces a set of ephemeral objects across controllers. Unlike
Kubernetes, KUBEDIRECT cannot rely on the API Server as
the single source of truth. Instead, it must secure a consistent
view of the cluster state across controllers in the absence of
centralized coordination. Inspired by the sequential structure
of the narrow waist, we identify an opportunity to reduce the
problem of global consensus to pairwise agreements, similar
to the Chain Replication protocol (CR) [81]. CR is designed
to manage a chain of storage servers. It receives update re-
quests at the head and replicates them in-sequence down the
chain for linearizable reads and writes. When a server crashes,
CR simply removes it from the chain and reconnects adja-
cent servers. However, KUBEDIRECT fundamentally differs
from CR as controllers are distinct state machines that can
progressively update the state of objects, rather than backups
that strictly follow the primary.

We summarize two major challenges. First, certain non-
idempotent controller operations, e.g. Pod scheduling, make
it unsafe to perform CR-style fast-forwarding (§4.1). Instead,
KUBEDIRECT must judiciously chooses between propagating
or rolling back the state of controllers. Second, to seamlessly
integrate with the ecosystem, KUBEDIRECT should comply
with the rules of Pod lifecycle. Specifically, the transition
to the Terminating state must be irreversible, requiring that
termination be handled differently from upscaling, which are
free from such constraints as per §2.3. Moreover, termination
can be asynchronous, for downscaling, or synchronous, for
preemption by high-priority services. KUBEDIRECT should
correctly handle these nuances in direct message passing.

3 KUBEDIRECT Overview
The core of KUBEDIRECT is a library for controllers to ex-
change and reconcile their local state in a distributed manner,
providing efficiency, transparency, and consistency. We build
a prototype of KUBEDIRECT by integrating with the Kna-
tive [18] FaaS platform, but our library is applicable to other
platforms and essentially to any chain of controllers.
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To let KUBEDIRECT manage the scaling of a FaaS func-
tion, users simply add a special annotation to the matching
Deployment object; they can switch back to standard Kuber-
netes by removing the annotation. KUBEDIRECT follows the
same critical path as in Figure 1, but performs direct message
passing under the hood.

3.1 Architecture

We start with the standard architecture of a Kubernetes con-
troller and then explain how KUBEDIRECT can be seamlessly
integrated, as illustrated in Figure 4.

Basic architecture. Kubernetes controllers adhere to a uni-
form state-centric architecture [89,90]. A controller maintains
a local cache that 1 subscribes to the API Server to receive
update notifications on certain objects of interest. The notifica-
tions then 2 trigger a set of event handlers that decide which
objects need to be reconciled and 3 push the object keys to
a work queue. The main control loop then 4 dequeues the
keys, 5 fetches the corresponding objects from the cache,
and takes actions accordingly, e.g., creating or scheduling
Pods. Finally it 6 exports its updates to the API Server.

KUBEDIRECT integration. KUBEDIRECT adds a pair of
ingress and egress modules for ephemeral objects, parallel to
the existing API pub-sub workflow. Specifically, we connect
two adjacent controllers with a TCP-based bidirectional link.
The downstream link forwards the desired state, while the up-
stream link sends feedback signals such as cache invalidations
(§4.2). We integrate KUBEDIRECT into the basic architecture
with the following steps, marked with asterisks; the circled
numbers show which steps in the original workflow they are
parallel to. 1 ∗ The ingress converts KUBEDIRECT’s mes-
sages to standard API objects with dynamic materialization
and merges them into the cache, transparently triggering the
internal control loop. 6 ∗ The egress intercepts outbound API
objects, 7 ∗ converts them to KUBEDIRECT’s messages, and
sends them to the downstream. Note that prior to step 7 ∗,
the egress can immediately populate the local cache with the
latest state. This is because each controller can solely decide
the state of the object it manages per the sequential structure
of the narrow waist.

// May start with objID in case of external pointer
type KdKey {

string attrPath
}
type KdValue union {

string value
KdKey ptr

}
type KdMessage {

string objID
dict[KdKey, KdValue] attrs

}
// Example message from Scheduler to Kubelet
KdMessage Pod {

objID: "podX",
attrs: {

"spec": "replicasetY.spec.template.spec",
"spec.nodeName": "worker1",

}
}

Figure 5: The minimal message format in KUBEDIRECT.

3.2 Dynamic Materialization

Minimal message format. KUBEDIRECT decouples the dy-
namic and static attributes of API objects and only passes
the dynamic ones for efficiency, using the minimal message
format in Figure 5. Dynamic materialization is the process
of translating to and from standard API objects to provide
transparency to the control loop. Specifically, a KUBEDIRECT
message is set of key-values pairs; the key references a certain
attribute, whereas the value can be an arbitrary literal, repre-
senting dynamic attributes, or an external key that points to
some static attribute in another object. For example, Figure 5
shows a message from the Scheduler to the Kubelet repre-
senting “PodX” on node “worker1”. It includes a external
pointer to the “replicasetY” object. The Kubelet can retrieve
the ReplicaSet from its local cache, copy its template, and use
it to construct the target Pod.

Extensibility. Because the Kubernetes APIs have a well-
defined schema, controllers can use reflection [13] to decode
KUBEDIRECT messages such that they remain loosely cou-
pled. Our handshake protocol (§4.2) further allows joining
new controllers into the narrow waist, e.g., one after the Sched-
uler that sets node-specific variables for Pods.

Complexity. In terms of the upscaling process in Figure 1,
KUBEDIRECT has the same algorithmic complexity as 1 –
5 , but significantly reduces the constant factor. Apart from

bypassing the API Server, our minimal message format uses
up to 64B per object, whereas the size can be up to 17KB
in Kubernetes [46]. KUBEDIRECT can further reduce the
message passing overhead by batching messages.

4 State Management
This section presents the state management of KUBEDIRECT
that maintains consistency across controllers and ensures end-
to-end semantics of instance lifecycle. We start with an anal-

USENIX Association 23rd USENIX Symposium on Networked Systems Design and Implementation    1345



ysis of the problem in §4.1 and introduce our mechanisms
for instance provisioning in §4.2 and termination in §4.3. We
discuss the correctness of our design in §4.4.

4.1 Problem Analysis

As per §2.3, the Autoscaler and the Deployment controller
are level-triggered and idempotent, for which fast-forwarding
suffices. The focus of this section is reconciling the state of
Pod objects across the ReplicaSet controller, the Scheduler,
and the Kubelets, in the context of upscaling. We discuss
downscaling and termination in §4.3, which have more subtle
semantics. Also note that although it currently takes only
three stages of controllers to manage Pods, our analysis and
approach applies to arbitrary numbers of sequential stages.

Why is fast-forwarding unsafe? While having a similar
sequential structure, Chain Replication (CR) [81] is not ap-
plicable to the narrow waist, where controllers can update
the desired state independently and non-idempotently, rather
than replicating the upstream. Compounded with the asyn-
chrony between controllers, naive fast-forwarding can lead to
unexpected anomalies.

Anomaly #1. Suppose a Kubelet temporarily disconnects
from the Scheduler. Meanwhile, it evicts a Pod due to resource
contention. However, the Scheduler later reconnects, finds the
Pod missing, and fast-forwards it again. The Kubelet could
instantiate the terminated Pod again with a different IP. This
is not allowed in Kubernetes because it violates the rules of
instance lifecycle (§4.3), and could have unexpected effects
over external controllers outside the narrow waist.

Anomaly #2. Suppose the Scheduler restarts after a crash but
only reconnects with a subset of Kubelets. It is possible that a
particular Pod is cached both at the ReplicaSet controller (the
upstream) and the unreachable Kubelet (the downstream), but
not at the Scheduler itself. The ReplicaSet controller, unaware
of the Pod’s placement by the Scheduler prior to the crash,
fast-forwards the Pod again. The Scheduler could then assign
it to a different node, leading to undefined behavior.

Why assume a hierarchical write-back cache? We draw
an important conclusion from the anomalies: due to the state
being mutable through the narrow waist, the downstream
becomes the single source of truth. CR assumes the oppo-
site where the head server in the chain acts as the primary.
Therefore, upstream controllers must make decisions based
on the downstream state, rather than naively fast-forwarding
their own. It follows that the problem is similar to managing
a hierarchical write-back cache. Specifically, the upstream
controller opportunistically issues writes to the downstream,
which acknowledges them but does not guarantee that they
will be applied due to active cancellation or passive failures.
Our job is to reflect the downstream changes to the upstream
as cache invalidations. We note that our analogy is practi-
cal because (1) the sequential structure of the narrow waist

implies that the downstream holds all the state the upstream
needs to know; (2) controllers are designed to be tolerant of
asynchronous notifications, be it cache invalidation or API
Server feed, and will continuously reconcile whatever the
observed cluster state to match the desired one.

4.2 Hierarchical Write-Back Cache

We build the hierarchical cache on top of the bidirectional
links between adjacent controllers (§3.1). We consider two
types of cache invalidations:

• Hard invalidation occurs whenever the upstream discon-
nects and reconnects with the downstream. It atomically
resets the upstream state to the downstream’s before resum-
ing its control loop.

• Soft invalidation occurs between a live and connected pair
of controllers where the downstream incrementally informs
the upstream of its state changes, e.g., when the Scheduler
sets the target node for a Pod.

In brief, our goal is to use a combination of hard and soft
invalidations to ensures a consistent view of the cluster across
controllers, in spite of their asynchrony. We defer the proofs
of correctness to §4.4.

Specifically, hard invalidation is to provide a consistent
initial state across controllers, such that subsequent state ex-
changes, either forward or backward, can be incremental.
Hard invalidation also provides a uniform solution to con-
troller or network failures, which is necessary because it can
be difficult to proactively distinguish between the two in dis-
tributed systems [56, 69, 70, 72, 78, 97, 103].

We implement soft invalidation with dynamic materializa-
tion, similar to the forward message passing (§3.2). We now
present the design of the handshake protocol that implements
hard invalidation.

The handshake protocol. Figure 6 shows the pseudocode
of the handshake protocol. The protocol is initiated by the
upstream controller (as the client) towards the downstream
(as the server). Once complete, it returns a connection handle
for subsequent state exchanges.

Specifically, the downstream controller listens for incom-
ing connections and responds with its local state. Because
it is the source of truth in our hierarchical cache analogy, it
immediately finishes its part of the handshake.

The upstream controller, after receiving the downstream
state, can operate in two modes. (1) In recover mode, the
controller has crash-restarted and has empty local state. It
therefore applies the downstream state as is. (2) In reset mode,
the controller has non-empty local state and must actively
resets it (line 7). Specifically, it computes the change set be-
tween its local state and the downstream’s. There are two
cases for each local object. If the object is also present in the
downstream, it is simply overwritten and marked dirty. Oth-
erwise, it is marked as invalid but not immediately removed
from local state; it is hidden from the internal control loop
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1 def ClientHandshake(cache):
2 conn = tcp.connect()
3 server_state = conn.recv()
4 if cache.is_empty(): # recover mode
5 cache.set(server_state)
6 else: # reset mode
7 change_set = cache.diff(server_state)
8 cache.set(server_state)
9 # use soft invalidation to propagate change_set

10 return conn, change_set
11

12 def ServerHandshake(cache):
13 conn = tcp.accept()
14 serer_state = cache.get_state()
15 conn.send(serer_state)
16 return conn

Figure 6: Pseudocode of the handshake protocol.

such that it is equivalent to being deleted. After completing the
handshake, the controller will use soft invalidation to notify
its further upstream of the marked objects in either case. Be-
cause soft invalidation is asynchronous and may overlap with
the control loop, retaining the set of objects with the invalid
mark allows the controller to ignore any incoming updates
for those objects. These objects can be discarded once the
further upstream acknowledges them. Eventually, the marked
change set will be propagated to all upstreams. Note that this
is guaranteed even though soft invalidations are best-effort;
should any upstream crash, it would have to populate its state

“the hard way”, which would surely incorporate all changes
with respect to the downstream source of truth.

Atomicity. The handshake protocol should atomically reset
the upstream cache. This is straightforward for one-to-one
connection. A special case arises for the one-to-many con-
nections from the Scheduler to the Kubelets. For atomicity,
we open connections concurrently and grant a grace period
in which all Kubelets should respond. If some fail to do so in
time, the Scheduler performs cancellation (detailed in §4.3)
by marking these nodes as invalid and draining all KUBEDI-
RECT-managed Pods on them.

Overhead. Our approach has little extra overhead compared
to Kubernetes, since the API Server also needs to populate or
refresh the state of controllers while using the raw API objects
rather than our lightweight dynamic materialization. KUBE-
DIRECT also employs another optimization: when running in
reset mode, the upstream only requests the version number
of objects from the downstream in the first round; only the
change set is exchanged in the second round. As we show
next, the key difference with Kubernetes is that KUBEDIRECT
may incur multiple hops under concurrent failures, but this is
not a major concern because the narrow waist is shallow. We
validate the efficiency of our approach in §6.3.

Autonomous recovery. The handshake protocol provides a
uniform solution to controller or network failures. Figure 7
shows an example. Network disconnections can be fixed with

connect
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C's state

B's change set
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B

C
done

done

(a) Handling B–C disconnection.
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recover
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(b) Handling B’s crash failure.

Figure 7: Failure handling using the handshake protocol.

a single round of handshake in reset mode. Crash failures can
be fixed in two rounds, first with the downstream in recover
mode, then with the upstream in reset mode. Following this
downstream-first rule, the protocol naturally extends to multi-
point failures. Moreover, we can use it to join new controllers
into the narrow waist, similar to handling crash failures.

4.3 Instance Lifecycle Management

This section presents our design to support downscaling in the
hierarchical cache and enforce the high-level yet more subtle
requirement: the state transitions observed by each controller
should adhere to the conventions on Pod lifecycle. This is
important because KUBEDIRECT is designed to seamlessly
integrate with the Kubernetes ecosystem.

State diagram. We outline a simplified state diagram of Pod
lifecycle. A Pod starts in the Pending state, and transitions
to Running when it becomes ready. During this process, it
may enter the Terminating state, which should be irreversible
per the Kubernetes convention. A Terminating Pod will be
eventually removed from the cluster state.

Provisioning vs. Termination. Without loss of generality, we
consider two types of events that trigger lifecycle transitions:
Pod provisioning and Pod termination. We identify a funda-
mental difference in their semantics that calls for separate
handling. Pod provisioning is well-suited to the opportunistic
state forwarding and inherently tolerant to sporadic down-
stream reset, while Pod termination is not. This is because
resetting can have different implications in the two cases.
For Pod provisioning, resetting leads to the loss of certain
assumed Pods, which can be considered as the transition from
Pending to Terminating. However, for Pod termination, reset-
ting a Pod that is assumed to be Terminating could “revive”
it, e.g., when the decision to terminate is dropped somewhere
downstream, which is undefined behavior.

Consequently, it turns out that the upstream once again
holds the source of truth in the context of active Pod termi-
nation. Note that we distinguish active termination from the
passive case, e.g., Pod lost due to node crashing, because
the former involves controllers assuming certain transitions
should happen, while the latter can simply inform controllers
of the status quo. We also note that termination is inherently
idempotent, i.e., it either removes an existing Pod or becomes
a no-op, which adheres to the assumption of the Chain Repli-
cation Protocol (CR) [81].
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Replicating Tombstones. Based on the above observation,
we introduce a special type of API object internal to the nar-
row waist—the Tombstones. A Tombstone contains the iden-
tifier of a certain Pod, which marks it for best-effort termina-
tion within the controller’s current session, lasting until the
controller crashes. During the current session, the controller
performs CR-style replication of the Tombstones along the op-
portunistic forwarding pipeline. The only possibility of losing
a Tombstone is when every controller the Tombstone has been
replicated to crashes, implying that the termination, whereas
best-effort, has a high possibility of success. A controller can
stop replicating a Tombstone when the referenced Pod is not
locally present. This is well-defined based on the fact that
new Pods are always created upstream and propagated down-
stream. The controller then issues soft invalidations to the
upstream to trigger cascade garbage collection of both the
Pod and its Tombstone.

Practical examples. We demonstrate how to handle real sce-
narios of active termination based on Tombstones.
• Downscaling occurs when the ReplicaSet controller re-

ceives a smaller desired scale. It selects a set of Pods to
terminate, creates Tombstones, and replicates them down-
stream. It does so in an asynchronous fashion, i.e., it con-
tinues to process subsequent scaling requests, but uses the
Tombstones to track the Pods awaiting termination, to avoid
unnecessary thrashing.

• Preemption can occur at the Scheduler or the Kubelets.
Because the Kubelets are at the tail of the narrow waist,
Tombstones are unnecessary, and invalidations alone suffice.
The Scheduler preempts in a similar way as downscaling,
except that it must do so in a synchronous fashion. This
is because there could be a high-priority Pod whose place-
ment is conditioned on the termination of the victim Pod.
Therefore, the Scheduler waits for the invalidation signal
from the downstream Kubelet.

• Cancellation occurs in a special case where the Sched-
uler connects with only a subset of Kubelets. The Sched-
uler could be running, in which case it wants to cancel the
Pods on the unreachable node; or have crash-restarted, as in
Anomaly #2 (§4.1), in which case it does not know the Pods
running on the unreachable node, and wants to drain the
node to enforce a consistent view of the cluster state. Due
to the disconnection, KUBEDIRECT cannot rely on direct
message passing to inform the target Kubelet of its decision.
Instead, the Scheduler marks the corresponding Node API
object as invalid through the API Server. The target Kubelet
is expected to drain all KUBEDIRECT-managed Pods once
it sees the mark. Meanwhile, the Scheduler can safely as-
sume that the related Pods are irreversible terminated, and
can proceed to send invalidation signals.

Remark. Tombstones are similar in functionality to the in-
valid marks in the handshake protocol. However, we decouple
the two because they are propagated in the opposite direction,

follow different sources of truth, have different lifetimes, and
require separate handling in case of failures.

4.4 Correctness

Like Kubernetes, KUBEDIRECT has the same guaranteed con-
vergence to the desired state, i.e., it ensures that eventually
there will be the desired number of Pods running in the clus-
ter. Because reasoning over such a complicated distributed
system involves numerous nuances, we use TLA+ to verify
the end-to-end properties of KUBEDIRECT in our technical
report [80]. Nevertheless, to help understand the correctness
of KUBEDIRECT, we highlight two important properties.

The Safety Invariant. Let P be a predicate over the cluster
state, e.g., Pod X is assigned to node Y, Pod Z is in Terminating,
etc. If P holds at a suffix of the sequence of controllers, then
it eventually holds at all upstreams.

The Liveness Assumption. The narrow waist becomes to-
tally connected infinitely often and sufficiently long for a
round of end-to-end message passing.

As described in §4.2, KUBEDIRECT achieves the safety in-
variant through the combination of soft and hard invalidation—
soft invalidation incrementally ensures consistency between
controllers while they are connected, and hard invalidation
forcefully establishes a consistent basis upon reconnection.
The liveness assumption ensures that changes to the cluster
state at any controller can be eventually propagated through
the entire narrow waist. Combining the two implies that con-
trollers cannot diverge indefinitely, such that they can cor-
rectly reconcile and amend the cluster state in spite of failures.
Furthermore, we enforce Pod lifecycle as a restriction on the
transitions allowed during this process, guaranteeing end-to-
end semantics.

5 Implementation
We implement KUBEDIRECT based on Kubernetes v1.32.0,
changing ∼150 LoC per controller in the narrow waist. We
deploy Knative on top of KUBEDIRECT and retrofit its Au-
toscaler. As a proof of compatibility, the KUBEDIRECT-
based Knative can directly work with the Prometheus [31],
Kourier [19], and Istio [16] extensions for monitoring and net-
working. We open-source KUBEDIRECT at https://github.
com/TomQuartz/kubedirect-ae.

Exclusive ownership. KUBEDIRECT has exclusive ownership
over the ephemeral state in the narrow waist. Pods are pro-
tected because they remain hidden until the very end. Repli-
caSets and Deployments are not. KUBEDIRECT guards their
replicas fields using Kubernetes admission control [26].
External updates to the guarded fields will be rejected; non-
essential fields such as annotations are unaffected.

Pod discovery. One can already obtain the routable FaaS
endpoints by subscribing to the Pod API that the narrow waist
publishes to. In practice, Kubernetes also offers the Service

1348    23rd USENIX Symposium on Networked Systems Design and Implementation USENIX Association

https://github.com/TomQuartz/kubedirect-ae
https://github.com/TomQuartz/kubedirect-ae


K8s

Control 
Plane

K8s

Kd

K8s+

Kd+

Sandbox
Manager

K8s Kubelet

Dirigent's

Dirigent's

Cluster
Manager

KdKd Kubelet

Kn/K8s

Cluster
Manager

K8s+

Kd+

Dr/K8s+

Dr/Kd+

FaaS
Orchestrator

K8sKnative

Dirigent's

Dirigent's

FaaS
Platform

KdKn/Kd Knative

(a) Microbenchmarks (b) End-to-End experiments

Figure 8: Baselines in our evaluation.

API [25] that selects certain endpoints and abstracts them
with a single static IP address. Specifically, the Endpoints con-
troller monitors the Service selector and finds matching Pods.
It then publishes the list of endpoints through the Endpoints
API to the per-node Kube-proxies, which handles address
translation. This process also incurs many API calls. How-
ever, we note that the Endpoints are read-only transformations
of Pods. Therefore, we optimize the Endpoints controller to
directly stream the Endpoints to the Kube-proxies.

High-availability. KUBEDIRECT is compatible with the high-
availability (HA) setup of Kubernetes where controllers are
replicated in primary-back mode [15]. This is because a con-
troller may become operational only if it wins the leader elec-
tion, such that our assumption of a sequential structure still
holds. The new leader should run the handshake protocol
upon takeover.

6 Evaluation
Methodology. We set up an 80-node cluster of xl170 in-
stances on CloudLab [9]. Each node has ten Intel E5-2640v4
2.4 GHz CPU cores, 64 GB RAM, and 25 Gbps interconnect.

Our primary baselines are (1) the Kubernetes (K8s) v1.32.0
cluster manager, which is the codebase of KUBEDIRECT (Kd),
(2) Knative v1.15.0, a popular Kubernetes-based FaaS plat-
form, and (3) Dirigent, the state-of-the-art clean-slate FaaS
platform. As per Figure 2, a FaaS platform generally consists
of the FaaS orchestrator and the base cluster manager; the
latter consists of the control plane and the sandbox manager
(e.g., Kubelet) on worker nodes. To understand the benefits
of KUBEDIRECT, we set up different combinations of FaaS
orchestrators and sandbox managers as control variables as
shown in Table 8. Note that it is possible to do so because
KUBEDIRECT focuses on message passing itself and does not
depend on specific implementations.

For the cluster manager (Figure 8a), Kd is the optimized
K8s with direct message passing. We also implement K8s+
and Kd+ by replacing the Kubelet part of K8s and Kd with
Dirigent’s custom sandbox manager. We run microbench-
marks on all variants to evaluate KUBEDIRECT’s primitives.

For the FaaS platform (Figure 8b), we deploy Knative on
K8s, denoted as Kn/K8s, and on Kd, denoted as Kn/Kd. We
also port Dirigent’s orchestrator to K8s+ and Kd+, denoted as
Dr/K8s+ and Dr/Kd+; Dr/K8s+ and Dr/Kd+ replace Dirigent
with the respective control planes while retaining the orches-
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Figure 9: Upscaling latency for varying # of Pods.

trator and sandbox manager. We run end-to-end workloads
on these baselines. For fair comparison, we compare Kn/Kd
with Kn/K8s, and Dr/Kd+ with Dr/K8s+ and Dirigent.

6.1 Microbenchmarks

We scale out N Pods for K FaaS functions in an M-node
cluster, and evaluate the scalability of the baselines over the
three dimensions. We use a strawman Autoscaler that issues
one-shot scaling call per function (Deployment). We measure
the latency between the scaling call and all Pods being ready,
and also the time each controller spent during this process.

N-scalability (Pods). We set K to one, M to 80, and vary
N from 100 to 800 Pods. As shown in Figure 9a, Kd is 3.7–
16.9× faster than K8s, and Kd+ is 11.9–40.0× faster than
K8s+. K8s+ is marginally faster than K8s despite using Diri-
gent’s optimized sandbox manager, because the bottleneck is
in the control plane. The benefit of a faster sandbox manager is
only perceptible when the control plane is fast enough—Kd+
achieves the same sub-second latency as Dirigent.

We further break down the latency for the ReplicaSet con-
troller, the scheduler, and the sandbox manager in Figure 9b–
9d. For the first two, K8s is equivalent to K8s+, and Kd to Kd+,
because they are of the same control plane respectively. For
the sandbox manager, K8s is equivalent to Kd, and K8s+ to
Kd+, due to the respective common data plane. Kd improves
K8s by two orders of magnitude for the ReplicaSet controller,
and one for the scheduler. The improvements come from
two aspects. First, Kd is free from the API rate-limiting in
K8s. Second, Kd’s message passing itself has sub-millisecond
latency, whereas it takes 10–35 milliseconds in K8s. Conse-
quently, KUBEDIRECT approaches the raw performance of
the internal control loops, adding up to 10% overhead in our
measurements. The sandbox manager (Figure 9d), in contrast,
is relatively more scalable whether optimized or not.

We do not break down for the Autoscaler or Deployment
controller because we set K = 1 such that they both issue a
single scaling call, with no scalability issue. We study their
performance next while we vary the number of functions K.
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K-scalability (Functions). We set M to 80, and vary K from
100 to 800 functions with one Pod per function, i.e., N = K.
We omit the breakdown for the scheduler and the sandbox
manager because there is no difference from the previous case
in their perspective. As shown in Figure 10a, Kd is 7.4–32.8×
faster than K8s, and Kd+ is 22.7–59.8× faster than K8s+.
K8s (K8s+) experiences higher latency in the Autoscaler and
the Deployment controller (Figure 10b and 10c) than that
in Figure 9, because it has to scale up the same number of
Pods while doing it on a per-function basis. KUBEDIRECT
improves the former by 39.5–70.3× and the latter by 31.2–
50.1×. In terms of the ReplicaSet controller (Figure 10d),
K8s’s performance is similar to that in Figure 9; Kd’s latency
is increased by 60−350 milliseconds because per-function
scaling results in less batching. However, the impact on the
end-to-end latency is marginal due to inter-controller pipelin-
ing.

M-scalability (nodes). Finally, we evaluate KUBEDIRECT’s
scalability in large clusters. We vary the number of nodes M
from 500 to 4000 and scale up five Pods per node. Because
we do not have a large enough real cluster, we set up fake
nodes with simulators for the Kubelets. Figure 11 shows that
Kd can scale up 20K Pods in 30 seconds. We see a substantial
increase in the latency of the Scheduler because it has to con-
sider more nodes during scheduling; KUBEDIRECT’s message
passing adds up to 6% overhead. The sandbox manager also
experiences higher latency due to the ∼20K concurrent API
calls as the Pods get published. Note that each sandbox man-
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ager still follows its API rate limit; the high load on the API
Server is a problem inherent to large Kubernetes clusters [7],
which limits the maximum size to 5000 nodes [6].

Downscaling. We also evaluate the downscaling performance
of KUBEDIRECT under the same setups. Because the num-
ber of API calls or messages required is approximately the
same as upscaling, we observe similar characteristics in per-
formance. Specifically, for K-scalability, Kd is 6.9–30.3×
faster than K8s, and Kd+ 16.8–45.2× faster than K8s+.

6.2 End-to-End FaaS Workload

We run the same FaaS workload as Dirigent (available in its
artifact [10]). Specifically, it is a 30-minute clip of the Mi-
crosoft Azure Functions trace [84] with 500 functions and
168K invocations. The durations of invocations are sampled
based on the percentiles given in the trace; to handle an invo-
cation, a function instance busy loops with the SQRTSD x86
instruction for the requested duration.

In line with Dirigent, we consider two performance met-
rics: the average request slowdown and the average request
scheduling latency. The former is the end-to-end latency di-
vided by the requested execution time, and the latter is the
time from the invocation arrival to the beginning of its pro-
cessing by some instance. Because the execution times and
invocation frequencies of different functions in the trace can
vary by orders of magnitude, we group the metrics by function
and plot the overall CDF.

Figure 12 and 13 shows the results for baselines in Table 8b.
For the Knative-variants, Kn/Kd improves the median (p99)
slowdown by 3.5× (19.4×) and the median (p99) schedul-
ing latency by 26.7× (10.3×) compared to Kn/K8s. For the
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Dirigent-variants, Dr/Kd+ improves the median (p99) slow-
down by 2.0× (10.4×) and the median (p99) scheduling la-
tency by 6.6× (134×) compared to Dr/K8s+. Despite using
the Kubernetes code base and retaining compatibility, Dr/Kd+
achieves similar performance as Dirigent.

We find that the long tails of Kn/K8s and Dr/K8s+ come
from periodic bursts of cold functions, which are infrequent as
individuals but tend to arrive simultaneously [46, 84]. This is
not a serious problem for Kn/Kd, Dr/Kd+, or Dirigent, because
the control plane can efficiently absorb the bursts; instead, the
tails of these baselines are caused by functions with very short
durations. We also observe a 67% reduction in the number
of cold starts when replacing K8s with Kd. This is due to
the autoscaling policy of Knative and Dirigent that computes
the desired replicas count based on the number of inflight
requests. Faster upscaling can effectively reduce the queuing
effect and prevent the Autoscaler from desperately scaling up
even more replicas.

6.3 Ablation Study

Dynamic materialization. To understand the necessity of
dynamic materialization, we compare it with naive direct mes-
sage passing that sends full API objects, which avoids the
overhead of persistence but not serialization and deserializa-
tion. We use the K-scalability setup in §6.1. Figure 14 shows
that the naive approach incurs 20–35% higher latency than
KUBEDIRECT, which justifies our design choice.

Failure handling with hard invalidation. As per §4.2,
KUBEDIRECT recovers from controller or network failures
via hard invalidation, i.e., the handshake protocol. To mea-
sure its overhead and the impact on failure recovery, we reset
the local state in each controller to force handshakes as if in
crash-restarts We use the K-scalability setup §6.1 to populate
the cache of the Autoscaler and Deployment controller, and
use the N−, and M-scalability setups for the ReplicaSet con-
troller, and Scheduler respectively. Figure 15 shows the result.
The Autoscaler and Deployment controller (not shown) have
similar and negligible overhead; this is because they are level-
triggered and idempotent, so we can skip cache rollbacks
altogether. The ReplicaSet controller has sub-linear overhead
because Pods can be exchanged in batches. The Scheduler
also has sub-linear overhead because it handshakes with the
Kubelets in parallel.

Termination with soft invalidation. We measure the over-
head of soft invalidations and its impact on synchronous termi-
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Figure 15: Failure handling with hard invalidation.

nation, e.g., preemption, which needs to wait for downstream
signals (§4.3). Specifically, one hop of soft invalidation takes
0.5–1.2 milliseconds, similar to forward message passing. The
end-to-end preemption latency, including two hops and the
processing at the Kubelet, is 6.2–13.4 milliseconds, compared
to the 10–35 milliseconds latency of a standard API call.

7 Discussion
Deploying KUBEDIRECT. KUBEDIRECT cannot be deployed
as a bolt-on extension to Kubernetes because the Scheduler
and the Kubelet must be aware of the ephemeral Pods to cor-
rectly allocate resources. However, we do support a rollout
deployment by gradually replacing the controllers with KUBE-
DIRECT’s, in the reverse order of the narrow waist. Because
KUBEDIRECT is fully compatible with the Kubernetes APIs,
the downtime can be kept to a minimum. We also expect
long-term compatibility with future Kubernetes releases, be-
cause the narrow waist has been stable through many years
of development.

Admission control and multi-tenancy. An important caveat
is that bypassing the API Server also implies bypassing its
authentication [23], authorization [24], and admission con-
trol [22] stages that could validate and amend the API requests.
Therefore, KUBEDIRECT is intended for trusted-tenant clus-
ters, where the FaaS orchestrator, as the first-hand user of
the cluster manager, should only make valid requests that do
not require additional policy enforcement. Because the end
users, whereas untrusted, can only interact with the orchestra-
tor, malicious requests can be rejected at an earlier stage. For
example, the orchestrator can enforce the resource quota per
the end user’s namespace and validate the Pod specifications,
before submitting scaling requests to KUBEDIRECT. Also
note that while KUBEDIRECT offers a fast path for trusted
workloads, the standard path with full admission semantics is
still available to handle untrusted tenants.

Webhook and extension points. Webhook [26] is a special
type of admission controller that executes as HTTP callbacks,
whereby users inject custom validation and mutation logic
besides the built-in policies. We plan to support webhooks in
future work. Specifically, users register webhooks as usual
and let the API Server “push down” the HTTP endpoints to
the ingress/egress modules in KUBEDIRECT (§3), which then
invoke them on behalf of the API Server.

Observability. The ephemeral Pods in KUBEDIRECT are
invisible to external controllers until they exit the narrow
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waist, which implies that API-based monitoring tools cannot
observe intermediate events such as Pod creation and schedul-
ing. However, as discussed above, administrators can still
insert webhook-based monitors into the narrow waist.

Horizontal scaling. KUBEDIRECT vertically scales the ca-
pability of a single cluster. An orthogonal approach is to
horizontally scale out multiple sub-clusters to amortize the
overhead. However, based on Figure 3, handling the cold
starts of the Azure trace requires tens of sub-clusters, lead-
ing to management burdens, load imbalance, and resource
fragmentation [46]. While KUBEDIRECT can also scale hori-
zontally, the fact that it is 30× faster than Kubernetes means
it needs much fewer sub-clusters for the same throughput. An-
other approach is to replicate and shard the controllers in the
narrow waist (§2.2). However, doing so requires non-trivial
code changes, even more configuring and tuning, and risks
load imbalance and conflicts across shards, which contradicts
our design goal of minimum intrusion and maximum reuse.

Stability. While KUBEDIRECT increases the throughput of
scaling, the Kubelets still need to call the Kubernetes API.
However, this will not compromise the stability of the API
Server because the Kubelets still follow the API rate limits.

Availability. Although KUBEDIRECT requires direct connec-
tions between controllers, it typically offers the same availabil-
ity as the decoupled approach of Kubernetes. In both systems,
a controller can only make substantial progress when its de-
sired state can be processed by its downstream. Also note
that disconnections between controllers will not affect the
progress of non-KUBEDIRECT managed objects, because we
enforce a clean separation of ownership.

General applicability and design principles. While KUBE-
DIRECT focuses on optimizing Kubernetes alone, its general
applicability is founded on the wide popularity of the latter,
whose rich features and ecosystem have fostered a large num-
ber of cloud services. In terms of design principles, our tech-
niques are useful under two preconditions: (1) disaggregated
cluster state; (2) sequential control plane dependencies. (1)
has been adopted and developed by the Borg [42], Omega [83],
Kubernetes [21] lineage at Google. We also note that (2) is in
fact a consequence of (1): to avoid conflicting updates, it is
natural to perform stage-by-stage processing.

8 Related Work
Cluster managers are responsible for governing the cloud in-
frastructure [29,41,48,53,54,57]. Modularity and extensibility
are important design principles. Kubernetes [21], Borg [94],
Twine [93], Omega [83], and vSphere [33] adopt state-centric
APIs to break down the control plane into loosely coupled
controllers. However, they are traditionally designed for long-
running workloads where orchestration can be amortized over
time [41, 54], contradicting the bursty and short-lived nature
of FaaS [66]. KUBEDIRECT presents a practical design to
bridge this gap.

FaaS orchestration is an active research area [43,58,95,102].
Many works present new autoscaling, load-balancing, and
placement algorithms and realize them on top of existing clus-
ter managers [34, 37, 40, 64, 67, 86, 87]. Dirigent [46] and
others [44,51,75,85,91] identify the mismatch between FaaS
and legacy managers and propose novel clean-slate architec-
tures. KUBEDIRECT is inspired by their observations and
boils down the problem to message passing. It retains existing
architecture and APIs for compatibility.

State machine replication is a common approach in building
fault-tolerant distributed services [35, 38, 39, 45, 50, 52, 68, 73,
77]. It ensures that commands are executed in a consistent
order across replicas. KUBEDIRECT is particularly inspired by
the Chain Replication protocol [81] that assumes a sequential
structure like the narrow waist. However, KUBEDIRECT is
faced with a novel and more complicated problem where
the state machines are heterogeneous and can progressively
modify their state.

Speculative execution is a key idea behind KUBEDIRECT’s
fast upscaling, where controllers opportunistically drive the
cluster to its desired state instead of committing step by step.
This technique has been used in a wide context ranging from
distributed systems [52, 65, 73], FaaS serving [88], to large
language model inference [74, 92]. The idea is to replace
expensive operations with cheap ones that do not guarantee
but very likely provide the desired property, and implement
safeguard mechanisms to ensure correctness.

9 Conclusion
KUBEDIRECT retrofits Kubernetes to handle bursty FaaS
workloads. The common narrow waist structure across FaaS
platforms allows us to achieve both efficiency and compatibil-
ity. We employ lightweight direct message passing between
controllers to bypass the API Server bottleneck. In spite of
the asynchrony of controllers, ephemerality of their state, and
the non-idempotence of their operations, we implement a hi-
erarchical write-back cache through the narrow waist that
provides a consistent view of cluster state. In addition, we
specifically handle termination to comply with the convention
on instance lifecycle. KUBEDIRECT has similar performance
as the state-of-the-art system Dirigent.
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