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ABSTRACT
Large-scale data management systems rely on fault-tolerant proto-

cols to ensure availability and consistency in the presence of node

failures. However, standard protocols require majority quorums

in every phase, making them impractical in environments with

frequent failures, such as IoT networks. This paper presents Orca,

a crash-fault-tolerant consensus protocol that integrates Raft-style

log replication with Flexible Paxos quorum construction to main-

tain small replication quorums. Orca exploits the observation that

node failures are often independent and temporally separated: by

assuming that at most𝑘 nodes fail within a window too short for the

system to detect the first failure, Orca fixes the replication quorum

at 𝑘+1 nodes. As failures are detected, faulty nodes are temporarily

excluded from the voting set and the election quorum is reduced

accordingly, allowing the system to continue making progress as

failures accumulate. Our evaluation across diverse workloads and

fault scenarios demonstrates that Orca tolerates more failures than

Raft and FlexiRaft while incurring negligible overhead.
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1 INTRODUCTION
Large-scale data management systems [4, 6, 8, 14, 15, 26, 40] rely on

consensus protocols, such as Paxos [30] and Raft [45], to enable a

collection of independent servers to agree on a consistent ordering

of transactions. These protocols typically consist of two phases:

leader election, where a node is elected to coordinate incoming

transactions, and replication, where the leader assigns an order to

transactions and replicates them across other nodes. To preserve

consistency, both phases require majority quorums, ensuring that

any two quorums intersect on at least one common node.

Node failures are common in large-scale deployments, and par-

ticularly prevalent in environments such as IoT networks, where

hardware constraints, unstable connectivity, and limited mainte-

nance make failures frequent. In such settings, requiring a majority

of nodes to participate in every phase can be infeasible, as even a
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modest number of failures may render the system unable to make

progress.

One approach to handling failures is to rely on reconfigura-

tion protocols: treating a failed node as removed from the sys-

tem, thereby reducing the quorum size and maintaining availabil-

ity. However, reconfiguration protocols introduce two significant

drawbacks. First, they require a costly transition phase in which

typically a majority of both the old and new configurations must

participate [44, 45, 58]. Second, some protocols [34, 57] rely on

an external service to manage configuration changes, introducing

additional resource overhead and a potential single point of failure.

An alternative approach, proposed by Flexible Paxos [24], decou-

ples the quorum requirements of the two phases: using a smaller

replication quorum to improve performance while compensating

with a larger election quorum to preserve safety. This asymmetry,

while reducing replication cost, introduces an intuitive liveness

challenge: if the current leader fails and the number of non-faulty

nodes is smaller than the election quorum size, which is typically a

larger number of nodes compared to the replication quorum, the

system cannot make any progress until some faulty nodes recover.

One possible solution is to integrate reconfiguration protocols

with flexible quorums: failed nodes are excluded from the system

via reconfiguration, reducing the election quorum, while replica-

tion proceeds over the smaller replication quorum prescribed by

Flexible Paxos. However, this raises a critical question: what is the

appropriate replication quorum size? If the replication quorum is

too small, the corresponding election quorum, which must be larger

to preserve safety, may exceed the number of available nodes when

the leader fails, stalling the system until faulty nodes recover. On

the other hand, if the replication quorum is set too large, approach-

ing a majority, the performance benefits of flexible quorums are

diminished.

Fault-tolerant systems commonly assume that replica failures

are independent, that is, a single fault does not trigger the failure

of multiple replicas. This independence is typically enforced by

either diversifying replica implementations (e.g., n-version pro-

gramming) [3, 22] or distributing replicas across geographically

separated locations (e.g., distinct datacenters) [5, 19, 52, 56]. In

practice, this assumption holds well: failures tend to arise from

localized causes, such as individual hardware faults, network parti-

tions, or power events confined to a single node or rack, making

simultaneous failures across independent replicas unlikely.

This independence implies that failures rarely occur simulta-

neously; rather, they tend to be separated by a temporal gap. We

exploit this gap by assuming that at most 𝑘 nodes fail within a

time window short enough that the system cannot detect the first

failure before the 𝑘-th occurs. Under this assumption, a replication

quorum of size 𝑘+1 suffices. Furthermore, as failures are detected,

failed nodes are temporarily excluded from the voting set, and the

election quorum is reduced accordingly, allowing the system to
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continue making progress despite an accumulation of failures over

time. More precisely, once a node is marked as faulty by other

nodes through consensus, it loses its voting power until recovery

is confirmed. Hence, the size of the leader election quorum 𝑄𝑒 is

calculated as 𝑛 − 𝑘 − |𝐹𝑑 |, where 𝐹𝑑 represents the set of detected

faulty nodes. Intuitively, 𝑛 − |𝐹𝑑 | represents the operational (vot-
ing) nodes, among which 𝑘 + 1 nodes are required for replication

quorum; thus, the election quorum consists of 𝑛 − 𝑘 − |𝐹𝑑 | nodes.
This paper presents Orca, a crash-fault-tolerant consensus pro-

tocol that integrates Raft-style log replication with Flexible Paxos

quorum construction and a dynamic failure detection mechanism.

By exploiting the temporal separation between independent fail-

ures, Orca maintains small replication quorums to obtain the per-

formance benefits of Flexible Paxos, while dynamically shrinking

the election quorum as faults are detected, enabling the system to

tolerate failures under conditions where standard protocols would

stall. Our contributions are as follows:

• We introduce Orca, a crash-fault-tolerant consensus proto-

col that combines flexible quorums, failure detection, and

dynamic quorum adjustment to sustain progress under fail-

ure patterns that block existing protocols.

• We formalize a temporal failure assumption, bounding the

number of nodes that may fail within a short time window,

and show how it can be leveraged to maintain liveness

while keeping replication quorums small.

• We implement a prototype of Orca and conduct extensive

experiments across diverse workloads and fault scenarios.

Our results show that Orca outperforms Raft and FlexiRaft

by tolerating a significantly higher number of failures with

minimal overhead.

2 BACKGROUND
This section introduces the main building blocks of Orca. We first

briefly introduce Paxos [30], Flexible Paxos [24], and Raft [45], as

practical crash fault-tolerant consensus protocols that have inspired

the design of Orca, and then discuss prior work on failure detection

and dynamic reconfiguration mechanisms.

2.1 Paxos and Flexible Paxos
Reaching consensus in the presence of failures has been addressed

by a large number of fault-tolerant protocols [1, 7, 9, 11, 16, 24, 25,

30–33, 35–38, 42, 43, 45, 46, 55], among which Paxos [30] is the most

known. Paxos ensures safety in an asynchronous system with 2𝑓 +1
nodes, tolerating up to 𝑓 crash failures. Safety is guaranteed through

quorum intersection: once a value is chosen, all future leaders

must observe it. Paxos proceeds in two phases, leader election

and replication, and is designed to decide a single value. Multi-

Paxos enhances this by designating a stable leader, which simplifies

processing by omitting repeated elections for every transaction:

once elected (as a result of executing the first phase), the leader

continues until a failure occurs.

Paxos mandates a majority quorum for both leader election and

replication to ensure that all quorums intersect. Flexible Paxos [24]

suggests that only the election quorum and replication quorums

need to intersect (not all replication quorums), allowing for dif-

ferent quorum sizes in each phase. Since leader elections occur

Figure 1: Raft

less frequently than replication, it is advantageous to use a smaller

quorum for replication and a larger one for leader election.

2.2 Raft
Raft [45] divides the time into terms, where each term has at most

one leader. Each term starts with a leader election phase. If the

leader election phase succeeds and a leader is elected, it is followed

by a normal operation phase in which log replication occurs. At any

given time, a node can be in one of three states: leader, candidate,
or follower. Raft requires majority quorums for both leader election

and log replication. Once a log entry is committed, Raft’s safety

property ensures that no other log is committed at the same index,

and this log can be safely applied to the state machine.

Figure 1 shows a Raft deployment with 5 nodes. In term 1, node

𝑟1 initiates leader election, is elected as leader, and processes an

AppendEntries during the normal operation. The leader (𝑟1) then
fails; thus, term 1 ends. Term 2 begins with 𝑟3 becoming a candidate
and initiating an election, but it fails to become the leader, and term
2 ends. In term 3, 𝑟2 transitions to the candidate state, is elected as

leader, and the system resumes normal operation.

2.3 Failure Detection
Failure detection is used for managing node failures during con-

sensus protocols. It involves nodes monitoring one another and

suspecting failure if responses are not received within a specified

timeout. In failure detection mechanisms, completeness ensures

that all non-faulty nodes eventually detect the failure of any node,

while efficiency indicates rapid and accurate failure detection, min-

imizing false positives and negatives [23].

Failure detectors were introduced by Chandra and Toueg [10] as

a mechanism to solve consensus in asynchronous message-passing

systems with crash failures. They differentiate between slow and

dead nodes by employing a failure detector module attached to

each node, which continuously estimates node failures. However,

it has been proven that no deterministic algorithm can ensure both

completeness and accuracy in such asynchronous, unreliable net-

works. Consequently, many distributed applications have adopted

failure detector algorithms that guarantee deterministic complete-

ness while achieving probabilistic efficiency [2, 12, 20, 27, 41, 54].

A prevalent failure detection method involves periodic "heart-

beat" or "I’m alive" messages sent from nodes to either other nodes

or amonitoring system. If a node fails to receive a heartbeat within a

predefined timeframe, it suspects failure in the sender [2, 12, 20, 27,

41, 54]. This approach is favored for its assurance of completeness.
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Prior studies on failure detection typically focus on the crash-

stop model, in which a failed node is assumed not to recover in the

near future. Thus, the failure detector’s objective is to permanently

suspect the failed nodes. Our work differs from all this prior work

in that our failure detection focuses on the crash-recovery model,

in which a failed node may recover in the near future.

A complementary line of work avoids failure detection and time-

outs altogether. Randomized asynchronous consensus protocols

such as QuePaxa [53] replace timeout-triggered view changes with

a randomized asynchronous core and short hedging delays, preserv-

ing liveness under adverse or adversarial network conditions with-

out relying on a failure detector. Such protocols target robustness

to network asynchrony in a fixed, crash-stop membership. Orca in-

stead adds failure and recovery detection to a leader-based, Flexible

Paxos–style protocol operating in the crash-recovery model, where

failed nodes may recover, and shrinks the election quorum as faults

accumulate to sustain progress. The two approaches thus address

orthogonal aspects of robustness: tolerance to network asynchrony

versus availability under recurring crash-recovery failures.

2.4 Dynamic Reconfiguration
Dynamic reconfiguration refers to the ability to modify the member-

ship of a distributed system by adding or removing nodes while it is

operational, enabling it to adapt to changing circumstances without

undergoing a complete shutdown. This process requires careful

coordination to ensure both safety and efficiency: no data must be

lost or reordered during membership updates, all while maintaining

system availability and stable performance. Schiper [48] studies

the dynamic reconfiguration challenge, framing membership up-

dates as view changes. He proposes a framework for nodes to join

and leave the system via reliable communication channels, which

guarantee that messages are neither duplicated nor lost. Reliable

communication is modeled through atomic broadcast, wherein all

correct nodes in the system receive the same set of messages in

the same order. Atomic broadcast is equivalent to consensus for a

system with failures [28].

Some recent consensus protocols, such as Raft [45], manage dy-

namic reconfiguration through a joint consensus approach that

integrates with the primary replication log. During reconfigura-

tion, nodes from both the old and new configurations must reach

an agreement and commit a value collectively via joint consensus.

An alternative method involves separating reconfiguration from

the main replication log [50], as implemented in MongoDB [39].

This approach enforces an overlap of quorums between the old

and new configurations to preserve safety while allowing recon-

figuration to function independently of the main replication log.

This decoupling reduces latency while maintaining safety. Both the

joint consensus mechanism in Raft and the logless reconfiguration

strategy in MongoDB are designed to facilitate the introduction of

new nodes or the deactivation of existing ones, often for purposes

such as software updates. Add/RemoveServer (AR) RPC [44] avoids

joint configurations by performing reconfiguration through a se-

quence of single-node additions or removals, while ReCraft [58]

generalizes this approach by supporting multi-node membership

changes through explicit quorum resizing. Despite their differences,

these mechanisms fundamentally reconfigure the physical mem-

bership of the consensus group. Our research, however, is focused

on enhancing the system’s resilience to accommodate a greater

number of failures without necessitating the addition or removal

of nodes. Instead, we aim to reconfigure the system’s quorum size

by marking nodes as either voting or non-voting.

Beyond this difference in goals, our approach also differs in

how reconfiguration is carried out. Similar to ReCraft, our protocol

supports adding or removing multiple nodes within a single recon-

figuration entry, avoiding the multi-step transitions required by

joint consensus. At the same time, like joint consensus, our design

explicitly distinguishes between voting and non-voting replicas,

which is not supported in ReCraft. Unlike both joint consensus

and ReCraft, however, our approach does not require expanding

quorum sizes during reconfiguration. Instead, our design fixes the

replication quorum size |𝑄𝑟 | and adjusts the election quorum |𝑄𝑒 |
to preserve the required overlap, without expanding quorums.

Matchmaker Paxos [57] and Vertical Paxos [34] decouple config-

uration management from the main replication protocol by intro-

ducing an external service that determines the active configuration.

Matchmaker Paxos employs a replicated matchmaker service to

track configuration history and act as an oracle for the current

configuration, reducing the impact of reconfiguration on steady-

state replication. Vertical Paxos allows acceptor sets and quorums

to change across ballots under the control of a master, enabling

progress across configurations even when individual configura-

tions stall. In its primary–backup formulation, progress may re-

quire only a single replication node in the active configuration;

however, this relies on an external master that must itself be repli-

cated and fault-tolerant to ensure safety and liveness. Orca instead

requires a replication quorum of size |𝑄𝑟 | to make progress, but

avoids external configuration services by dynamically managing

voting participation entirely within the consensus group.

Cheap Paxos [35] addresses a different problem by targeting

deployments with heterogeneous replica capabilities rather than

resilience under failures. It introduces asymmetric roles within a

Paxos deployment, designating a subset of replicas as active vot-

ers whose responses count toward quorums, while the remaining

replicas act as auxiliary nodes that passively replicate state but do

not participate in voting. Auxiliary replicas may be promoted to

active voters upon failures, but voting roles are otherwise fixed by

configuration rather than adjusted dynamically. In contrast, Orca

adapts voting participation in response to observed failures within

a fixed replica set to improve availability.

DPaxos [42] and WPaxos [1] optimize Paxos for geo-distributed

environments by reshaping quorums and leadership to reduce wide-

area coordination costs. DPaxos decouples leader election from

replication by allowing leaders to use small, locality-aware replica-

tion quorums while preserving safety by expanding leader-election

quorums to intersect with prior replication quorums. WPaxos takes

a different approach by distributing leadership across multiple con-

current leaders and partitioning coordination across objects, en-

abling locality and throughput through parallelism. In both systems,

quorum selection and leadership placement are primarily perfor-

mance optimizations guided by deployment topology. Orca ad-

dresses a complementary problem by improving availability under

failures through dynamic reconfiguration of voting participation,
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rather than optimizing locality or throughput. Moreover, unlike

DPaxos and WPaxos, which assume fixed bounds on simultane-

ous zone/node failures, Orca tolerates additional failures over time

as long as no more than 𝑘 failures occur within a single failure

window.

3 SYSTEM MODEL
We consider a network consisting of 𝑛 nodes, where nodes follow

the crash failure model. In a crash failure model, nodes operate at ar-

bitrary speed, may fail by stopping, and may restart; however, they

may not collude, lie, or otherwise attempt to subvert the protocol.

Network partitions may also occur.

Consensus protocols use the State Machine Replication (SMR)

algorithm [29, 49] where the system provides a replicated service

whose state is mirrored across different deterministic replicas. At

a high level, the goal of an SMR protocol is to assign each client

request an order in the global service history and execute it in that

order [51]. In an SMRprotocol, all replicas execute the same requests

in the same order (safety) and all correct requests are eventually

executed (liveness). In an asynchronous system, where replicas can

fail, no consensus solutions guarantee both safety and liveness

(FLP result) [21]. Orca, similar to most other consensus protocols,

assumes the partial synchrony model [17, 18] to circumvent the

FLP impossibility. In the partial synchrony model, there exists an

unknown global stabilization time (GST), after which all messages

between correct replicas are received within some known bound Δ.
Partially synchronous crash fault-tolerant (CFT) protocols, e.g.,

Paxos [30], guarantee safety using 2𝑓 +1 nodes to overcome 𝑓 crash

failures. While a CFT protocol can tolerate up to 𝑓 failures, in prac-

tice, nodes do not fail at exactly the same time for two main reasons.

First, fault-tolerant systems are architected to ensure that failures

among nodes are independent; a failure impacting one node should

not trigger failures in other nodes. One approach to achieving this

independence is through the use of diverse replica implementations,

such as n-version programming [3, 22]. Second, nodes are often

distributed across multiple data centers. This geographical distri-

bution not only contributes to the independence of node failures

but also enhances system availability during significant outages

that may impact entire data centers, such as those resulting from

natural disasters.

Using this insight, we assume that the failure of at most 𝑘 nodes

(out of 𝑛 nodes, 𝑘 ≤ 𝑓 ) is dependent, meaning they fail simultane-

ously or within a short period such that the system cannot detect

the failure of the first node before the failure of the 𝑘-th node. Im-

portantly, 𝑘 bounds the number of failures that may occur within

such a failure window, rather than the total number of failures

the system can tolerate over time. Orca remains safe regardless of

the choice of 𝑘 , as safety is preserved by replication and election

quorums’ intersection; however, liveness depends on the assump-

tion that at most 𝑘 nodes fail within any failure-detection window.

Intuitively, 𝑘 captures the maximum number of nodes that may

fail simultaneously before earlier failures can be detected and ex-

cluded. In practice, 𝑘 should be chosen conservatively based on

the size of failure domains (e.g., rack or data center). A data center

scale outage is one example of a correlated failure event that may

motivate a choice of 𝑘 . For instance, consider a network with 9

nodes spread across 5 data centers, where four data centers, each

hosting 2 nodes, and the fifth data center hosts 1 node. In this case,

if a data center-scale outage happens, at most 2 nodes might fail

simultaneously, hence 𝑘 = 2.

In a consensus protocol, a quorum refers to theminimumnumber

of nodes that must agree or participate in a decision or operation

for it to be considered valid. Quorums are constructed for deciding

on either a value (replication quorum) or the next leader (election

quorum). In Paxos [30], Raft [45], and most other CFT protocols,

the quorum size is 𝑓 + 1 out of 2𝑓 + 1 (majority). This is to ensure

that any two quorums intersect, guaranteeing consistency and

preventing conflicting outcomes. Flexible Paxos [24], on the other

hand, relaxes this requirement, allowing for potentially disjoint

replication quorums within a view (with the same leader), while still

ensuring an intersection between all replication quorums within a

view and the next leader election quorum. These protocols assume

that up to 𝑓 nodes may fail in the worst case without distinguishing

between failures that occur simultaneously and those that occur

over time. In contrast, Orca assumes that at most 𝑘 (≤ 𝑓 ) nodes

fail within a failure-detection window, explicitly distinguishing

between concurrent failures and failures that occur over time.

Inspired by Flexible Paxos, we define flexible replication and

election quorums. Given that there are at most 𝑘 dependent failures,

the replication quorum 𝑄𝑟 is sized 𝑘 + 1 to ensure that at least one

non-faulty node from each replication quorum will participate in

the next election quorum. The size of the leader election quorum

𝑄𝑒 then becomes 𝑛 − 𝑘 − |𝐹𝑑 |, where 𝐹𝑑 is the set of faulty nodes

whose failures have already been detected (i.e., excluded from the

voting nodes). When a node is detected as faulty, it is no longer part

of any quorum until it is detected as recovered, i.e.,𝑄𝑟 ∩𝐹𝑑 = ∅ and
𝑄𝑒 ∩ 𝐹𝑑 = ∅. Intuitively, 𝑛 − |𝐹𝑑 | are the alive (voting) nodes; out
of them, 𝑘 + 1 nodes are required for a replication quorum; hence,

the election quorum includes 𝑛 − 𝑘 − |𝐹𝑑 | nodes.
We define state function 𝑆 : 𝑟 ↦→ {A, LF, F, LA} to capture the

state of each replica at each point:

• 𝑆 (𝑟 ) = A where node 𝑟 is alive (non-faulty),

• 𝑆 (𝑟 ) = LF where node 𝑟 is locally failed: it appears to be

failed in the local view of some nodes, but consensus has

not been achieved yet on 𝑟 ’s failure,

• 𝑆 (𝑟 ) = F where node 𝑟 is failed and consensus is achieved

on 𝑟 ’s failure, and

• 𝑆 (𝑟 ) = LA where node 𝑟 is locally alive (recovered): it ap-

pears to be alive in the local view of some nodes, but con-

sensus has not been achieved yet on 𝑟 ’s recovery.

If 𝑆 (𝑟 ) = F or 𝑆 (𝑟 ) = LA, then 𝑟 ∈ 𝐹𝑑 , thus 𝑟 is a non-voting
replica, i.e., its vote does not count towards replication and leader

election quorums. However, if 𝑆 (𝑟 ) = A or 𝑆 (𝑟 ) = LF, then 𝑟 ∉ 𝐹𝑑 ,

hence, 𝑟 is a voting replica, i.e., its votes count towards replication

and leader election quorums.

4 PROCESSING TRANSACTIONS IN ORCA
This section introduces the Orca protocol, starting with normal-

case operation where the system operates without any failure. Next,

we discuss how the system dynamically reconfigures when a fail-

ure or recovery event happens. We briefly discuss the correctness

arguments at the end of this section.
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4.1 Normal-Case Operation
The normal-case operation of Orca is inspired by Raft [45]. Clients

initiate their request by sending a request message containing a

transaction to be executed by the replicated state machines to the

node they think is the leader, or choose a node randomly if it is

their first request. If the receiving node is not the leader, it will

redirect the client to the leader. When the leader receives a request
message, it will add the request to its own log as a new entry. The

leader will run the replication protocol for the entry by sending an

AppendEntries RPC to all follower nodes. The AppendEntries contains
information about the leader (term, ID, and commit index) along

with the previous log entry (index and term) and the log entries to

be replicated, which can be empty.

Upon receiving an AppendEntries from the leader, each follower

will check the leader’s term. If it’s the same or higher, the follower

will reset its election timer, update its term to follow the leader’s if

needed, and check the log entry at the same index as the previous

log entry. Then, the follower will send back an acknowledgment
which contains a flag indicating whether or not the replication is

a success – previous log entry match. If the replication is not a

success because of a previous log entry mismatch, the leader will

send the log entries with a lower index in the next AppendEntries.
This mismatch may happen after a change of term, and the nodes

have different local logs, and will only happen to uncommitted

entries. When the number of nodes that have replicated (based

on acknowledgment) a log entry is equal to the replication quorum

size, the leader will commit the entry, update its commit index, and

send reply messages consisting of the results back to the clients.

Recall that the AppendEntries RPC contains the leader’s commit

index. So, the next time the leader broadcasts an AppendEntries RPC,
the followers will see the new commit index and commit the log

up to that index. If the client does not receive any reply messages

after a predefined amount of time (client timer), it will resend the

request message to another node in a round-robin manner.

When there is no new request to the system, the leader will keep

the replication protocol going by replicating an empty AppendEn-
tries RPC as a heartbeat message. This mechanism will enable the

replicas to track the state of the current leader. If a replica has not

received any valid AppendEntries for a predefined time (election

timer), it will become a candidate and try to become the leader. We

will discuss the leader election mechanism of Orca in Section 4.4.

4.2 Failure Detection
In the normal case operation, the leader initiates the replication

protocol by sending an AppendEntries RPC to all followers, contain-

ing logs that haven’t been replicated by the follower. Whether such

a log exists or not, the leader sends an AppendEntries RPC to the

follower, waits for an acknowledgment, and retries on the next heart-

beat if a reply is not received. The leader keeps track of the number

of retries for each follower and increments it for each attempt on

sending AppendEntries. When the leader receives an acknowledgment
from a follower, it will reset the retry count for that follower.

If a follower exceeds a predefined constant number of max retries

𝜏 and that follower is not already detected as failed – current state

is not LF or F, the leader assumes that the follower has failed and

adds a FailureDetection log entry to its log, changing the follower’s

Figure 2: (a) Log entries for each replica; blue blocks are com-
mitted while white blocks are replicated but not committed.
(b) Membership local view of each replica: the crown symbol
represents the leader, green nodes are alive, red nodes are
failed, voting nodes have a solid border, while non-voting
nodes have a dashed border.

state to LF. FailureDetection is a log entry (similar to a client request)

with no content other than the node detected as failed. When a

FailureDetection log entry is executed, two things will happen: the

node in the FailureDetection entry will become a non-voting node

(state change from LF to F) and the election quorum size will be

reduced (more details in Section 4.4).

A false failure detection may arise when the leader cannot com-

municate with a follower, even though other followers can, possibly

due to network partitions. Different approaches to handling false

failure detections produce different tradeoffs between communica-

tion overhead, election stability, and the ability to detect recovery

under partitioned networks. More generally, handling false fail-

ure detections involves two orthogonal design choices: whether

replicas independently verify a leader’s failure judgment before

accepting a FailureDetection entry (active detection), and whether

replicas continue to process RequestVote RPCs from nodes currently

marked as faulty (passive detection). These choices produce differ-
ent tradeoffs between communication overhead, election stability,

and recovery behavior under network partitions.

Orca adopts a non-active and passive approach, leveraging Raft’s

existing leader election mechanism to resolve false failure detec-

tions. Replicas accept FailureDetection entries without independently
verifying connectivity, avoiding additional communication, but con-

tinue to process RequestVote RPCs from nodes marked as faulty. As

a result, followers partitioned from the leader may still initiate elec-

tions by incrementing their term and sending RequestVote RPCs,
allowing the cluster to converge on a new leader with more stable

network connectivity.

Once a server adds the FailureDetection entry to its log, it adopts

that configuration for all subsequent decisions. A server consis-

tently relies on the most recent configuration in its log, irrespective

of whether the entry has been committed. Note that different nodes

might have different local views of the current membership.

Figure 2 presents (a) the log and (b) the nodes’ local view of the

current membership in a deployment with 5 nodes. The blue blocks

in the log, e.g., 𝑡1 and 𝑡2 on all nodes, demonstrate committed entries

while the white blocks, e.g., 𝑡𝑑 on nodes 𝑟1 and 𝑟5, are replicated but

not committed yet. In the local membership view of replicas, the

crown symbol represents the leader, green nodes are alive, red nodes

are failed, voting nodes have a solid border, while non-voting nodes
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(a) 𝑘 simultaneous failures (b) Consecutive 𝑘 simultaneous failures (c) More than 𝑘 simultaneous failures

Figure 3: Different failure and recovery detection scenarios

have a dashed border. As can be seen, node 𝑟2 is failed (𝑆 (𝑟2) = F)
in the local view of nodes 𝑟1 (the leader) and 𝑟3, but is still locally

failed (𝑆 (𝑟2) = LF) in the local view of 𝑟4. We argue that such an

inconsistency does not impact the safety of the protocol because

only nodes that have the view of the latest membership can become

a leader, as we discuss later in Section 4.5.

4.3 Recovery Detection
The recovery detection process is the counterpart of failure de-

tection. Whenever the leader receives an acknowledgment from a

follower, it checks whether the sender is a non-voting node whose

recovery has not yet been detected (𝑆 (𝑟 ) = F). If so, the leader

appends an RecoveryDetection entry to its log, changing the node’s

state from F to LA. Once the RecoveryDetection entry is committed,

the node becomes a voting replica (A) and the election quorum size

is increased accordingly.

As an example, consider a Orca deployment with 𝑛 = 7 and repli-

cation quorum size |𝑄𝑟 | = 3 (𝑘 = 2). Figure 3(a) shows the normal

failure and recovery process. Nodes 𝑟6 and 𝑟7 fail, are detected and

excluded from voting through FailureDetection entries, then later

both recover and are reintegrated through RecoveryDetection entries.
During this process, the election quorum shrinks to |𝑄𝑒 | = 3 after

failure detection and expands again to |𝑄𝑒 | = 5 after recovery.

Similar to the failure detection, once a server adds the Recov-
eryDetection entry to its log, it adopts that configuration for all

subsequent decisions. A server consistently relies on the most re-

cent configuration in its log.

In practice, nodes may fail one after another even if the failures

are independent. Figure 3(b) illustrates consecutive failures. After

the first pair of failed nodes (𝑟6 and 𝑟7) is detected and excluded from

voting, a second pair (𝑟4 and 𝑟5) fails. Despite four failed nodes out

of seven, Orca continues to make progress because the remaining

three active nodes are sufficient to form the replication quorum.

Once the failed nodes recover, they are reintegrated through the

normal recovery process.

Orca assumes that at most 𝑘 nodes fail within a failure-detection

window, allowing it to use replication quorums of size 𝑘 + 1. Never-

theless, Orca may continue to make progress even when more than

𝑘 nodes fail simultaneously, provided that the leader remains alive

and a replication quorum can still be formed. Figure 3(c) illustrates

such a scenario. Four nodes fail simultaneously in a deployment

with𝑛 = 7 and |𝑄𝑟 | = 3. Because the leader remains operational and

can still form a replication quorum, it detects the failures, excludes

the failed nodes from voting, and continues processing requests

until the failed nodes recover.

4.4 Leader Election
A follower becomes a candidate when it does not receive messages

from the leader before its election timer expires. The candidate

increments its term, votes for itself, and broadcasts RequestVote
RPCs. Replicas vote for at most one candidate per term and only

grant votes to candidates whose logs are at least as up-to-date as

their own. A candidate becomes the leader once it receives votes

from an election quorum; otherwise, it starts a new election after

its timer expires.

While the leader election process is similar to Raft, Orca’s ap-

proach differs from Raft in the election quorum size. Whereas Raft

uses majority quorum (

⌈︁
𝑛+1
2

⌉︁
) as an election quorum size, our ap-

proach has the base size (before any failure detection) the same as

Flexible Paxos [24] and FlexiRaft [59]: 𝑛 − |𝑄𝑟 | + 1 in a system with

𝑛 nodes and replication quorum size |𝑄𝑟 |, to ensure there is at least
one node intersection between replication and election quorums.

However, in Orca, this number may change after failure detection.

We reduce the election quorum size for every failed node (𝑟 ∈ 𝐹𝑑 )

and do not count the votes from that node in the leader election.

As a result, the election quorum size becomes 𝑛 − |𝑄𝑟 | − |𝐹𝑑 | + 1 in

a system with 𝑛 nodes and replication quorum size of |𝑄𝑟 |.
A candidate may have a stale view of the membership and tem-

porarily accept votes from replicas that have already been excluded

elsewhere. However, such candidates cannot collect sufficient votes

to become the leader, since replicas with a newer membership view

will reject the election.

Figure 4(a) illustrates a deployment with 𝑛 = 7 and |𝑄𝑟 | = 3.

After two follower failures are detected and excluded from voting,

the election quorum shrinks from 5 to 3. Consequently, when the

leader and another follower subsequently fail, the remaining voting

replicas can still elect a new leader. In contrast, Raft, Flexible Paxos,

and FlexiRaft cannot make progress in this scenario because their

election quorum requirements remain unchanged.

If more than 𝑘 nodes fail simultaneously, two outcomes are

possible. If the leader survives and a replication quorum can still be

formed, Orca may continue to make progress, as shown previously
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(a) Up to 𝑘 failures (b) more than 𝑘 failures (c) Votes from non-voting nodes

Figure 4: Different leader failure scenarios

in Figure 3(c). Otherwise, progress is impossible because the system

cannot form an election quorum. Figure 4(b) illustrates such a

case. With 𝑛 = 7 and |𝑄𝑟 | = 3, the leader and two followers fail

simultaneously. Since the failures cannot be detected without an

active leader, the election quorum remains unchanged at 5, while

only four replicas remain alive. Consequently, no new leader can

be elected until one of the failed replicas recovers.

This highlights the significance of selecting the appropriate value

for 𝑘 ; if no more than 𝑘 simultaneous failures are allowed, such a

scenario cannot occur. Even in the event of a network partition, if

we have chosen 𝑘 wisely, the larger partition will either include the

leader or be capable of electing a new one. It’s important to note

that both Flexible Paxos and FlexiRaft will also be unable to make

progress in this situation.

In certain executions, Orca may be unable to make progress even

when Flexible Paxos and FlexiRaft can. This occurs because recov-

ered replicas remain in state LA until their recovery is acknowledged

and therefore do not participate in quorums. As a result, progress

depends on the number of voting replicas rather than the total

number of alive replicas. Figure 4(c) illustrates such a scenario. Af-

ter four failures are detected and excluded, one replica recovers

but remains in state LA. Before it regains voting rights, another

voting replica fails. Although three replicas are alive, matching

the replication quorum size, only two are voting. Consequently,

Orca cannot make progress until another voting replica recovers.

In contrast, Flexible Paxos and FlexiRaft can continue operating in

this situation.

4.5 Correctness Arguments
In this section, we briefly discuss the safety and liveness of Orca.

We mainly focus on agreement and termination properties.

Lemma 4.1. If node 𝑟 commits request𝑚 on log entry 𝑛, no other

node commits𝑚′
(𝑚 ≠𝑚′

) on log entry 𝑛.

In Orca, the replication quorum 𝑄𝑟 has a constant size of 𝑘 + 1,

while the election quorum𝑄𝑒 is sized 𝑛−𝑘 − |𝐹𝑑 |, where |𝐹𝑑 | repre-
sents the number of detected failures at any given time. Achieving

safety within the same term (under the same leader) is straight-

forward, as the leader is responsible for assigning log entries, and

the failure or recovery of backup nodes does not affect the size of

the replication quorum. However, the challenge arises when the

current leader fails, necessitating that the newly elected leader be

aware of what has been replicated by the replication quorums in

the most recent term, which requires intersection between the repli-

cation and election quorums. This is complicated because failure or

recovery of nodes alters the size of the election quorum, and since

nodes might have different views of the membership (voting and

non-voting nodes), the number of votes needed for leader election

(election quorum size) might be different across different nodes.

We divide the system’s lifetime into a sequence of configurations.

A system moves from configuration 𝑖 to 𝑖 + 1 whenever a Failure-
Detection or RecoveryDetection entry is replicated by a replication

quorum, which subsequently results in an update to the set of de-

tected failures, 𝐹𝑑 . Hence, each configuration 𝑖 can be represented

with its set of detected failures 𝐹 𝑖
𝑑
, e.g., 𝐹 0

𝑑
= ∅ denotes the first

configuration of the system where no failure has been detected yet.

Intuitively, nodes within 𝐹 𝑖
𝑑
are non-voting nodes in configura-

tion 𝑖 . As a result, they cannot be part of any replication or election

quorum in configuration 𝑖: 𝑄𝑖
𝑟 ∩ 𝐹 𝑖

𝑑
= ∅ and 𝑄𝑖

𝑒 ∩ 𝐹 𝑖
𝑑
= ∅. We also

know that the election quorum size in 𝑖 is |𝑄𝑖
𝑒 | = 𝑛 − 𝑘 − |𝐹 𝑖

𝑑
| =

𝑛− |𝐹 𝑖
𝑑
| − |𝑄𝑖

𝑟 | + 1. This can be rewritten as |𝑄𝑖
𝑒 | + |𝐹 𝑖𝑑 | + |𝑄

𝑖
𝑟 | = 𝑛 + 1.

Since 𝑄𝑖
𝑒 ∪ 𝐹 𝑖

𝑑
∪𝑄𝑖

𝑟 = 𝑛 and nodes in 𝐹 𝑖
𝑑
are not part of 𝑄𝑖

𝑒 or 𝑄
𝑖
𝑟 ,

we conclude that within configuration 𝑖 , the election quorum 𝑄𝑖
𝑒

and replication quorum 𝑄𝑖
𝑟 have to intersect on at least one node.

To transition from a configuration 𝐹 𝑖
𝑑
to another configuration

𝐹 𝑖+1
𝑑

, a FailureDetection or RecoveryDetection entry needs to be repli-

cated by at least a replication quorum 𝑄𝑟 (where the replication

quorum size |𝑄𝑟 | is the same across all configurations). Hence, 𝑄𝑖
𝑟

nodes from configuration 𝑖 participate in (and hence are aware of)

the transition to configuration 𝑖 +1. The lagging nodes in configura-

tion 𝑖 (nodes that are not aware of the new configuration) can elect

a leader if they can collect |𝑄𝑖
𝑒 | = 𝑛− |𝐹 𝑖

𝑑
| − |𝑄𝑖

𝑟 | + 1 votes. However,
out of 𝑛 nodes, |𝐹 𝑖

𝑑
| have been detected as faulty in configuration

𝑖 and can not vote, and nodes in 𝑄𝑖
𝑟 are aware of the transition to

configuration 𝑖 + 1 and will not vote. Hence, there will be at most

𝑛 − |𝐹 𝑖
𝑑
| − |𝑄𝑖

𝑟 | votes from lagging nodes in configuration 𝑖 toward

leader election, which is smaller than the election quorum size |𝑄𝑖
𝑒 |.

Thus, nodes from an old configuration can not elect a new leader if

a newer configuration exists.
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Figure 5: Replication (blue) and election (yellow) quorums
intersect when (a) all nodes have the same election quorum
size, (b) outdated nodes have a larger election quorum size,
and (3) outdated nodes have a smaller election quorum size

Figure 5 illustrates three possible scenarios for two configura-

tions 𝑖 and 𝑗 where 𝑖 ≤ 𝑗 : (a) nodes in both configurations have the

same election quorum size: |𝑄𝑖
𝑒 | = |𝑄 𝑗

𝑒 |, (b) outdated nodes have

a larger election quorum size: |𝑄𝑖
𝑒 | > |𝑄 𝑗

𝑒 |, and (c) outdated nodes

have a smaller election quorum size: |𝑄𝑖
𝑒 | < |𝑄 𝑗

𝑒 |. In each scenario,

a current configuration 𝑗 and three possible past configurations 𝑖

have been shown.

Our goal is to show that lagging nodes in an outdated configura-

tion 𝑖 can not construct an election quorum that does not intersect

with the replication quorum of the current configuration 𝑗 . This is

easy to show as out of 𝑛 nodes, in configuration 𝑖 , |𝐹 𝑖
𝑑
| nodes have

already failed and do not vote. Moreover, |𝑄𝑖
𝑟 | nodes also have a

more complete log (as they vote for the transition to configuration

𝑖 + 1), and do not vote for any outdated nodes in configuration 𝑖 .

Hence, at most 𝑛 − |𝐹 𝑖
𝑑
| − |𝑄𝑖

𝑟 | votes from nodes in configuration

𝑖 can be collected, which is smaller than the election quorum size

|𝑄𝑖
𝑒 |. This is evident in all three cases: the election quorum𝑄𝑖

𝑒 inter-

sects with the replication quorum 𝑄𝑖
𝑟 in configuration 𝑖 . However,

nodes within𝑄𝑖
𝑟 will not vote for any of the other nodes remaining

in configuration 𝑖 to assume the leader position, as the nodes in 𝑄𝑖
𝑟

have a more complete log (i.e., they have been involved in changing

the configuration to 𝑖 + 1).

Observation. The safety proof relies on preserving the intersection
between election and replication quorums across configurations.

While Orca dynamically adjusts election quorums using a fixed

replication quorum, the same proof applies symmetrically if repli-

cation quorums are adjusted based on a fixed election quorum,

provided the intersection invariant is maintained.

Lemma 4.2. A correct request𝑚 eventually completes.

Orca provides liveness only during periods of synchrony, due to

the FLP result [21]. We utilize mechanisms used in Raft (and other

partially synchronous consensus protocols) to increase the chance

of liveness. In particular, Orca (1) requires the time it takes for a

server to exchange messages (broadcast time) to be much smaller

than the leader election timer, so that leaders can reliably send

the heartbeat messages required to keep followers from starting

elections (2) ensures every client request will eventually be received

by the leader (either directly from a client or a follower informs the

client about the current leader when the client retries) and if the

quorum requirement is fulfilled, the leader will send a reply back

to the client, and (3) utilizes random election timers to reduce the

chance of conflicts when leader election happens.

Orca operates under the assumption that a maximum of 𝑘 nodes

can fail simultaneously. When this assumption is violated and more

than 𝑘 nodes fail in parallel, Orca can still make progress if the si-

multaneous failures do not include the leader and there are enough

operational (voting) nodes to meet the replication quorum require-

ment. Otherwise, Orca will be unable to make progress. This con-

dition is not unique to Orca; other consensus protocols, such as

Raft (when 𝑘 equals 𝑓 ) and FlexiRaft [59], share a similar require-

ment. Notably, Orca can still progress even if the total number of

failures reaches 𝑛 − 𝑘 − 1, which is a more relaxed requirement

compared to FlexiRaft or Raft, which can only tolerate 𝑘 or ⌊𝑛
2
⌋

failures, respectively.

Orca achieves this by modifying its configuration to designate

failed nodes as non-voting members, thus reducing the election

quorum. In the event of a leader failure, if the most recent configu-

ration is 𝑖 , then the nodes in 𝐹 𝑖
𝑑
are considered non-voting, and Orca

requires at least |𝑄𝑖
𝑒 | voting nodes to remain operational. The value

|𝑄𝑖
𝑒 | is determined by the formula 𝑛 − |𝐹 𝑖

𝑑
| − 𝑘 . This requirement

is still more relaxed than that of other consensus protocols; for

instance, FlexiRaft mandates 𝑛 − 𝑘 , which is greater than or equal

to |𝑄𝑖
𝑒 |, and the same applies to Raft, where 𝑘 equals 𝑓 .

5 EXPERIMENTAL EVALUATION
The primary goal of our evaluation is to examine the resilience and

efficiency of Orca. Resilience is quantified by the number of failures

Orca can tolerate under various conditions, while efficiency is as-

sessed based on the overhead involved in the proposed mechanisms

for failure detection and recovery. We benchmark our protocol

against Raft [45] and FlexiRaft [59] (sometimes we refer to as FRaft).

We selected Raft since it serves as the foundational protocol for

Orca, and FlexiRaft was chosen due to its smaller replication quo-

rum size (similar to Flexible Paxos), which allows us to analyze the

overhead associated with Orca. The Orca implementation is built

upon Raft, which we implemented in Go, integrating our failure

detection, recovery mechanisms, and dynamic quorum adjustments.

We implemented FlexiRaft using our Raft implementation.

We also incorporate batching techniques in our implementation.

As discussed in Section 4.1, when the leader receives a request from

a client, it appends the request to its own log and replicates it using

the AppendEntries RPC once its heartbeat timer expires. However,

if a high volume of requests is received, the system may end up

spending a considerable amount of time just waiting for the leader’s

heartbeat timer to expire. To optimize this process, we introduce a

batch timer that operates independently and is roughly set to 0.1

of the heartbeat timer. Additionally, we introduce two parameters:

LowBatchSize and HighBatchSize. Upon receiving a request from a

client, the leader will initiate the batch timer instead of waiting

for the heartbeat timer to expire. The leader will then flush the

batch either when the batch timer elapses or when the number of

received requests exceeds LowBatchSize before the batch timer runs

out. This approach significantly reduces latency, with the trade-

off being a minimal amount of "useless" heartbeat signals during

normal operation, where we use the batch flush, but the heartbeat

is still running. In practice, some followers may process requests

more slowly than others. Therefore, HighBatchSize is defined as

the maximum number of log entries per AppendEntries RPC, and
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(a) Local settings (b) Regional settings (c) Geo-distributed settings

Figure 6: Latency-throughput graph with increasing concurrent clients. Lines show p90 latency; error bars span median to p99.

it should be at least equal to (ideally greater than) LowBatchSize to
allow the slower followers to catch up.

In our evaluation, we investigate how the performance of Orca

and its competitors is influenced by various parameters, including:

• Transactions batch size (Section 5.2),

• Geo-distribution of nodes (Section 5.2),

• Failure of the leader and follower nodes (Section 5.3),

• Number of tolerated failures, 𝑘 (Section 5.4), and

• Network size, 𝑛 (Section 5.5), and

• Comparison with reconfiguration protocols (Section 5.6).

5.1 Experimental Setup
The experiments were conducted on the Amazon EC2 platform, uti-

lizing m5.xlarge instances that feature 4 vCPUs and 16GB of RAM,

powered by Intel Xeon Platinum 8000 series processors operating

at 3.1 GHz, with a bandwidth capacity of 10 Gbps. Each virtual

machine (VM) hosts either a single node (replica) or the client, with

the number of instances varying across different experiments.

We deployed three distinct distributed configurations on the

AWS EC2 instances: (1) Local, where all nodes are situated within a

single availability zone, resulting in roughly 0.2 to 0.7 ms commu-

nication latency, (2) Regional, where nodes are distributed across

multiple availability zones within the same region, experiencing

around double the local latency, typically ranging from 0.5 to 1.2

ms, and (3) Geo-distributed, where nodes are located in 5 different

regions across Europe, resulting in latency ranging from 5 to 10 ms.

For our evaluations, we employed the YCSB benchmark [13],

implemented in Go [47], with a focus on a write-only workload to

assess replication performance. Our default experimental configu-

ration consists of 7 nodes within a single availability zone, with a

parameter 𝑘 = 2, a LowBatchSize of 256, a HighBatchSize of 512 and
512 concurrent clients. We vary timers (i.e., election timer, heartbeat

interval, batch flush timeout, and time between failures) based on

the deployment: for the local deployment, the timers are 150 − 300

ms, 50 ms, 4 ms, 5 seconds, respectively. For regional deployment,

the timers are double the local to match the difference in latency,

and for geo-distributed deployment, the timers are roughly quadru-

ple the regional deployment to make it close to the difference in

latency but also not too long. We restrict the number of outstanding

requests on each node to 100 for any other node, and we set the

retry count for failure detection to 3 failed heartbeats.

For reporting throughput and latency, we have the client make a

report for every second of the system running, a feature from [47].

Each experimental trial runs for 30 to 240 seconds, depending on

the time between failures, and the maximum number of tolerated

failures. Each run also includes a 30 second warm-up period. The

results reported are the average outcomes from three runs.

5.2 Varying Batch Sizes in Distributed Settings
We first analyze how varying batch sizes affect the performance of

our protocol across different networks and workloads. By tuning

the batch size and the number of concurrent clients, we aim to

determine the optimal configuration that maximizes performance.

We run the experiment with 7 nodes in local (Figure 6(a)), re-

gional (Figure 6(b)), and geo-distributed (Figure 6(c)) settings, and

increase the number of concurrent clients from 1 to 2
10
. We further

implement four different strategies to choose the batch size:

• Strategy A: low batch size and high batch size are the same

and equal to the number of clients,

• Strategy B: low batch size is equal to the number of clients,

while high batch size is double the number of clients,

• Strategy C: low batch size is half of the number of clients,

while high batch size is equal to the number of clients, and

• Strategy D: low batch size is half of the number of clients,

while high batch size is double the number of clients

Results. In the local deployment, as demonstrated in Figure 6(a),

Orca achieves its peak throughput with 512 clients and batching

strategy C by processing 39.7k transactions per second. Increasing

the number of clients beyond this point provides little benefit, indi-

cating that the system has reached saturation. Strategies C and D

perform consistently better than strategies A and B because they

only need to wait for half of the client requests before flushing

a batch. The latency of Orca increases almost linearly with the

number of concurrent clients in all four strategies, as larger batches

require more processing and communication time.

In the regional deployment, where nodes are distributed across

multiple availability zones within the same region, as shown in

Figure 6(b), both throughput and latency are comparable to those

seen in the local deployment. Orca reaches its maximum throughput

with 512 clients using strategy C, closely followed by strategy D.

This similarity arises because the additional network latency is

largely offset by the latency involved in processing larger batches.

Compared to the local and regional, geo-distribution deploy-

ments significantly reduce throughput and increase latency due to

the cost of wide-area replication. With 512 clients, throughput is
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(a) Local settings (b) Regional settings (c) Geo-distributed settings

Figure 7: Throughput of different protocols with no failure (top) and leader failure (bottom)

∼55% lower, and latency is ∼121.6% higher than in the local deploy-

ment. The performance difference between batching strategies A/B

and C/D is also more pronounced in the geo-distributed setting.

With 512 clients, strategies C and D achieve 15% higher throughput

and 32% lower latency. This is expected because the latency gap

between fast and slow replicas is larger across regions, making

it more beneficial to flush batches without waiting for all client

requests. Unlike the local and regional deployments, latency re-

mains nearly constant as the number of clients increases up to 512

under strategies C and D, indicating that network propagation dom-

inates performance in this regime. Beyond this point, throughput

continues to increase, although with diminishing returns.

Summary. Across all three deployments, 512 concurrent clients

provide a reasonable operating point for Orca. While 256 clients

offer a slightly better throughput-latency tradeoff in local and re-

gional deployments and 1024 clients achieve higher throughput

in the geo-distributed setting, 512 clients provide the best balance

across all environments. Regarding batch size, using half of the

number of clients as the low batch size consistently demonstrates

the best performance. For the high batch size, using the number of

clients is slightly better than doubling it. Therefore, we use batching

strategy C in the remaining experiments.

5.3 Performance Under Different Failures
We analyze the performance of protocols under no failure, leader

failure, follower failure, oscillating leader failure, and oscillating

follower failure. For leader or follower failure, we simulate a failure

every 5 seconds in local, 10 seconds in regional, and 40 seconds in

geo-distributed settings (as mentioned in Section 5.1) until progress

halts. In the oscillating cases, we alternate between failing and

recovering the leader or follower every second. We additionally

evaluate the no-failure and leader-failure scenarios in regional and

geo-distributed deployments, but skip the other three failure types

as results follow similar patterns across deployments.

Results. Under no failure (top graph of Figure 7(a)), all protocols

perform similarly in the local deployment, achieving 39.3–40.1 ktps.

The same pattern is observed under oscillating and leader failure

scenarios (the two bottom graphs in Figure 8), indicating that Orca’s

failure detection incurs negligible overhead.

As shown in the bottom graphs of Figure 7, all deployments fol-

low a similar pattern for leader failure. FlexiRaft stops progressing

after 3 leader failures, followed by Raft at 4, and Orca at 5. This

Figure 8: Throughput of different protocols with follower
failure (top), oscillating follower failure (middle), and oscil-
lating leader failure (bottom) on local settings

is attributed to FlexiRaft’s smaller replication quorum requiring a

larger election quorum. Although Orca also has a smaller replica-

tion quorum, the failure detection and dynamic quorum make it

more resilient to leader failure by shrinking the election quorum

size upon failure detection. In follower failure scenarios, as shown

in the top graph of Figure 8, Raft stops progressing after 4 failures,

making it the least resilient out of the three, whereas Orca and

FlexiRaft stop after 5 failures, demonstrating their resilience due

to smaller replication quorum sizes allowing progress with fewer

nodes if the leader remains operational. Throughput does not drop

to zero immediately after a failure threshold is reached because

failures are injected via RPCs and therefore do not align exactly

with the vertical markers in the figures.

Figure 7 shows that results are similar under local and regional

deployments because batching largely hides the additional intra-

region latency. In geo-distributed deployments, Raft’s larger repli-

cation quorum becomes a disadvantage because progress depends

on more geographically distant replicas. Consequently, with no fail-

ures, Raft achieves 15.3 ktps, while Orca and FlexiRaft outperform

it by 6.7% and 7.3%, respectively. The same trend appears during

leader failures. As failures accumulate, throughput decreases be-

cause leaders with more complete logs are more likely to be elected,
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Figure 9: Throughput with no failure (top) and follower fail-
ure (bottom).

and leader failures progressively remove these replicas. Interest-

ingly, FlexiRaft’s throughput improves after the first failure, likely

because its initial leader placement was suboptimal.

Summary. This experiment demonstrates that Orca not only incurs

negligible overhead but also tolerates a greater number of leader and

follower failures, making it the most resilient of the three protocols.

5.4 Varying the Quorum Size
We next measure the impact of quorum size on the performance

of different protocols. We run the experiment with 11 nodes and

various 𝑘 where the election quorum size is |𝑄𝑒 | = 𝑛 − 𝑘 and

replication quorum size is |𝑄𝑟 | = 𝑘 + 1. Each benchmark runs for 55

seconds (the point at which no more progress can be made by any

of the protocols under any 𝑘). We run three different failure models:

no failure, leader failure, and follower failure (refer to Section 5.3 for

more details) to show how the quorum size affects the resilience of

the three protocols. Note that Raft is not included because FlexiRaft

with 𝑘 = 5 is equivalent to Raft.

Results. Figure 9 shows that under no failure, the throughput of

both protocols across all 𝑘 values exhibits only slight variations,

with higher 𝑘 showing lower throughput on both protocols. The

average throughput for 𝑘 = 1 is 37.6 ktps, while for 𝑘 = 5 it drops

to 36.9 ktps. This is anticipated, as a lower 𝑘 indicates that fewer

nodes need to be involved in the replication before responding to

the client. The minimal difference across different 𝑘 values is also

expected due to the uniform latencies between nodes.

The number of follower failures that Orca and FlexiRaft can tol-

erate is the same, as demonstrated in Figure 9. Their throughput

remains roughly comparable, consistent with the findings from

Section 5.3. Additionally, Figure 9 indicates that a smaller replica-

tion quorum size enables both protocols to manage more follower

failures. This occurs because a stable leader requires fewer nodes

to remain alive when the replication quorum size is reduced.

In contrast, the results for leader failures show a different trend

for FlexiRaft, while Orca maintains similar performance as seen

with follower failures. As depicted in Figure 10, FlexiRaft can toler-

ate fewer leader failures when the replication quorum size is smaller.

For instance, FlexiRaft processed only 375, 000 transactions with

𝑘 = 1 under leader failures, compared to 1, 712, 000 under follower

failures (78% reduction). This illustrates the quorum size trade-off:

a smaller replication quorum requires a larger election quorum

Figure 10: Throughput under leader failure.

size. However, Orca circumvents this trade-off through its failure

detection and dynamic quorum mechanisms, enabling it to tolerate

the same number of failures regardless of whether they involve

leaders or followers. In this experiment, Orca processed 1.543 M

transactions during leader failures and 1.731 M during follower

failures when 𝑘 = 1 (10% reduction).

Summary. The experiment illustrates that Orca does not face the

same trade-off in leader failure tolerance that FlexiRaft does, even

while utilizing a smaller replication quorum size. Essentially, Orca

benefits from the advantages of a smaller replication quorum with-

out incurring the associated drawbacks.

5.5 Varying the Network Size
We measure the impact of network size on the performance of

the protocols by varying the network size from 5 to 11, 17, and

23 while keeping 𝑘 as 2 for all experiments. We do not consider

3-node deployments, as they can not benefit from the mechanisms

introduced by flexible quorums or Orca. Each experiment runs for

60 seconds with no failure.

Results. As shown in Figure 11, the performance across all three

protocols is nearly identical with 5 and 11 nodes. However, at 17

nodes, Raft performs 10% worse than both Orca and FlexiRaft, and

this degradation increases to 36% with 23 nodes. This trend aligns

with previous experiments, indicating that a smaller replication

quorum size enhances performance. Notably, Orca and FlexiRaft

experience significant performance degradation as the number of

nodes increases, albeit not to the same extent as Raft, despite main-

taining the same replication quorum size without failures. In our

investigation, we analyzed the elapsed time for various phases: (a)
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Figure 11: Throughput with different 𝑛 with no failure.

the leader preparing the AppendEntries, (b) sending it, and waiting

for acknowledgments, (c) processing the acknowledgments, and

(d) the followers receiving and acknowledging the AppendEntries.
We found that AppendEntries preparation and acknowledgment pro-

cessing time on the leader is approximately 50𝜇𝑠 with 23 nodes,

contributing minimally to latency. Additionally, the time for follow-

ers to begin sending acknowledgments averages around 80𝜇𝑠 . The

primary source of performance decline lies in the interval between

the leader sending the AppendEntries and receiving acknowledg-

ments, primarily due to network bandwidth limitations.

Summary. The smaller replication quorum size enables Orca and

FlexiRaft to outperform Raft as the number of nodes increases.

5.6 Comparing Reconfiguration Protocols
Existing reconfiguration protocols are not directly translatable to

Orca’s setting because Orca uses flexible (asymmetric) quorums.

Majority-based protocols such as Joint Consensus [45] and Re-

Craft [58] assume symmetric majority quorums, while protocols

such as Vertical Paxos [34] and Matchmaker Paxos [57] primarily

modify acceptor sets, which more closely correspond to replication

quorums. In contrast, Orca dynamically adjusts voting membership

and election quorum sizes independently. More generally, Orca can

be mapped onto a conventional reconfiguration setting by decom-

posing membership changes into quorum-specific steps. Instead of

changing both quorums simultaneously, an Orca-style reconfigura-

tion first adjusts one quorum dimension and then the other while

preserving quorum intersection throughout the transition.

We evaluate this translation in a geo-distributed setting with 7

nodes. Each experiment runs for 300 seconds and alternates every

second between removing four nodes and adding four nodes. We

compare against Joint Consensus and ReCraft because both per-

form reconfiguration through the same replicas that participate

in consensus, without requiring separate reconfiguration services.

We repeat each experiment three times. The leader placement is

identical across all protocols, while each run uses a different leader

location to capture the effect of geo-distributed latency.

Results. During add-node reconfiguration, Orca requires only two

nodes to enter and complete the first transition step, since only

the election quorum is resized initially. Joint Consensus requires

two nodes to enter transition and four to complete, while ReCraft

requires six nodes to complete. Consequently, Orca achieves lower

reconfiguration latency in geo-distributed environments with no-

ticeable latency variance, as depicted in Figure 12(a). Although Orca

achieves the lowest median latency, it also exhibits a wider latency

distribution. This behavior is caused by the leader placement in

the geo-distributed deployment. When the leader can satisfy the

required quorum using nearby replicas, reconfiguration completes
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Figure 12: Latency distribution: thin colored lines showmin–
max latency, thick colored bars show p50–p95 latency, and
black horizontal ticks show average latency.

quickly. However, when one of the required quorum members is

geographically distant, the benefit of the smaller quorum is reduced,

increasing the latency. During remove-node reconfiguration, Orca

and Joint Consensus both require 4 nodes to complete reconfigura-

tion, while ReCraft requires 6. As a result, Orca performs similarly

to Joint Consensus, while ReCraft incurs slightly higher latency

due to its larger quorum requirements, as shown in Figure 12(b).

Summary. By decomposing reconfiguration into quorum-specific

steps, Orca reduces the quorum requirements during transition and

achieves lower latency compared to Joint Consensus and ReCraft.

6 CONCLUSION
In this paper, we presented Orca, a resilient crash-fault-tolerant

consensus protocol that integrates flexible quorum and dynamic

quorum mechanisms with effective failure detection and recovery

strategies to improve resilience by tolerating more failures. Orca

integrates Raft-style log replication with Flexible Paxos quorum

construction. Additionally, Orca leverages the independence of

node failures and the time window between consecutive failures

to identify faulty nodes, temporarily excluding them from the set

of voting nodes and dynamically adjusting the election quorum

size. Through extensive experimental evaluations, we have illus-

trated that Orca not only tolerates a greater number of failures but

also minimizes system overhead, ensuring seamless transaction

processing without compromising safety or liveness. More broadly,

temporal failure assumptions may serve as a general design prin-

ciple beyond Orca, enabling consensus protocols to dynamically

adapt quorum construction based on observed failure patterns. In

particular, for strong-leader protocols, where leader election and

replication are distinct phases, this approach applies most directly.

Such protocols can be transformed to use flexible quorums, sepa-

rating election and replication requirements, then augmented with

failure detection to exclude failed replicas and dynamically adjust

quorum sizes. Other protocol families may require different mech-

anisms; those lacking a strong leader or clear election/replication

separation may not support quorum adaptation as directly. Still, the

core principle holds: detected failed replicas need not participate

in all quorum calculations, allowing systems to exploit temporal

failure patterns and tolerate additional failures over time.
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