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Byzantine Fault-Tolerant (BFT) protocols play an important
role in blockchains. As the deployment of such systems ex-
tends to wide-area networks, the scalability of BFT protocols
becomes a critical concern. Optimizations that assign spe-
cific roles to individual replicas can significantly improve
the performance of BFT systems. However, such role assign-
ment is highly sensitive to faults, potentially undermining
the optimizations’ effectiveness.

To address these challenges, we present OptiLog, a logging
framework for collecting and analyzing measurements that
help to assign roles in globally distributed systems, despite
the presence of faults. OptiLog presents local measurements
in global data structures, to enable consistent decisions and
hold replicas accountable if they do not perform according
to their reported measurements.

We demonstrate OptiLog’s flexibility by applying it to
two BFT protocols: (1) Aware, a highly optimized PBFT-like
protocol, and (2) Kauri, a tree-based protocol designed for
large-scale deployments. OptiLog detects and excludes repli-
cas that misbehave during consensus and thus enables the
system to operate in an optimized, low-latency configura-
tion, even under adverse conditions. Experiments show that
for tree overlays deployed across 73 worldwide cities, trees
found by OptiLog display 39% lower latency than Kauri.
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1 Introduction

Byzantine Fault-Tolerant (BFT) consensus protocols enable
distributed systems that can tolerate arbitrary failures, mak-
ing them a critical component for blockchain systems that
distribute trust among participants that validate transactions
and maintain the ledger. Therefore, to reduce reliance on a
few participants and bolster security, scaling BFT protocols
beyond their traditional capacity [19, 45] has become crucial.
Numerous studies have tackled the scalability challenges
using various optimization strategies effective under specific
favorable conditions [18, 29, 31, 51, 58]. However, in adverse
scenarios, these optimizations become less effective or even
defunct, necessitating a switch [9, 11] to a more resilient but
less effective protocol, like PBFT [19], to make progress. It is,
however, non-trivial to detect whether or not the operating
conditions are favorable or adversarial. Existing work uti-
lizes inefficient techniques based on randomness [29, 47, 51]
or predefined assignments [58], requiring repeated trial-and-
error to find a working system configuration. These systems
often ignore the actual operating conditions, such as the
latency between replicas and prior misbehavior, resulting
in poor performance. Many systems [12, 16, 26, 49, 53] that
consider the operating conditions rely only on local measure-
ments to select a system configuration. This is problematic
because local measurements taken at different replicas may
be inconsistent, making it difficult to derive a global con-
figuration. Moreover, delegating configuration decisions to
a single replica, e.g., the leader, based on its own measure-
ments, erodes accountability because other replicas cannot
verify that the decision was based on actual measurements.
This paper advocates for a holistic, measurement-based
approach to accurately identify the current operating con-
ditions, promoting aggressive use of efficient protocols and
reducing fallback to less efficient ones. We accomplish this
through a shared append-only log of measurements.
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Figure 1. OptiLog’s component architecture.

We describe OptiLog, an integrated shared log that records
measurements and derives metrics for system configuration.
OptiLog extends a generic Replicated State Machine (RSM)
with sensors to capture measurements and monitors for eval-
uating metrics. Replicas instrumented with sensors append
measurements to the log, while corresponding monitors col-
late these measurements to derive efficient configurations.
OptiLog enables replicas to make consistent configuration
decisions based on the same information. The log also pro-
vides accountability, allowing all replicas to verify decisions
and recognize faulty behaviors. Fig. 1 illustrates OptiLog’s
architecture; see §4 for a detailed description.

Some optimization techniques can be costly to (determin-
istically) evaluate for large configuration sizes. Thus, Opti-
Log allows heuristic optimization techniques to be used,
where the potentially non-deterministic search outcomes
are logged, enabling replicas to consistently derive a global
ranking of configurations. OptiLog also supports collabo-
rative optimization techniques, where the search space is
partitioned and distributed across the RSM replicas.

Our second contribution is a pipeline of sensors and moni-
tors for selecting functional, low-latency configurations. Our
pipeline allows replicas to predict a configuration’s latency
based on individual link latencies, and to use simulated an-
nealing [40] to search for low-latency configurations. The
main novelty of our pipeline is a suspicion mechanism that
detects timing failures and takes suspicions into account
during configuration search. In particular, our suspicion
mechanism detects replicas that underperform relative to
their self-reported latencies. This allows OptiLog to find ef-
ficient configurations even in the presence of performance
attacks [7, 21].

To showcase OptiLog, we integrate our pipeline into two
BFT protocols: Aware [13] and Kauri [51]. Aware and Kauri
are based on PBFT [19] and HotStuff [63], respectively, and
represent optimizations of different classes of BFT proto-
cols, each posing distinct challenges. This demonstrates the
flexibility and generality of OptiLog.

OptiAware. Aware is a modern variant of PBFT and as-
sumes a clique topology with multiple all-to-all communica-
tion phases, where replicas respond after collecting messages
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from a quorum. Each replica assigns weights to other replicas
based on the measured latency between them. The all-to-all
message pattern allows any configuration with a function-
ing leader to remain operational, despite backup failures.
In PBFT however, distinguishing benign from intentional
delays is hard, making it tricky to set a detection threshold
that avoids false positives but still catches real delays. While
Aware improves on PBFT’s latency, it remains vulnerable to
performance attacks. Our third contribution, OptiAware, ap-
plies OptiLog’s pipeline to Aware, yielding a system that can
detect the culprits of such attacks and mitigate their impact
by excluding them from consideration when assigning high
voting weights and the leader role.

OptiTree. For our fourth contribution, we focus on BFT
systems [42, 43, 51] that organize their RSM replicas in a tree
topology for improved scalability. A tree topology reduces
communication overhead by limiting interactions to parent
and child replicas. However, this structure is vulnerable to
failures, which can fragment the network. To counter this,
tree-based protocols require fallback and reconfiguration
mechanisms. Kauri [51], for example, builds multiple ran-
domized trees to prevent targeted attacks, switching to a new
tree when failures occur. However, this approach can cause
considerable delays in reaching consensus due to the number
of reconfigurations needed to find a working tree. Moreover,
blindly constructing trees based on randomness can result
in latency-imbalanced trees that degrade the RSM’s perfor-
mance. Ideally, trees should be constructed with reliable
replicas at the core and less reliable ones at the leaves.

OptiTree applies OptiLog’s sensor and monitor pipeline
to find working and performant trees. We implemented two
variants of OptiTree and compared their throughput under
various latency conditions. Our experiments show that trees
selected by OptiTree outperform Kauri’s throughput by up to
2.5% and HotStuff by 2.9%. Further, OptiTree can reconfigure
the RSM until a working tree is found, while recording the
measurements in the log. Our approach guarantees to find a
working tree within at most 2f reconfigurations for certain
tree configurations, where f is the maximum number of
faulty replicas.

In summary, the main contributions of this paper are:

1. OptiLog, a logging framework for systematic measure-
ment collection and configuration optimization for
RSMs.

2. OptiLog enables RSM optimizations to compute func-
tional low-latency configurations in the presence of
faults.

3. OptiAware uses OptiLog to detect-and-mitigate per-
formance attacks and maintain optimal latency.

4. OptiTree uses OptiLog to generate low-latency work-
ing trees with linear reconfigurations.

5. Trees selected by OptiTree boost Kauri’s throughput
by 67.5% in a simulated Stellar network [5].
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2 System Model

We consider an RSM that accepts client commands as input
and produces output to clients. The RSM may record cer-
tain events in an append-only log. We assume an RSM with
n > 3f + 1 replicas, where up to f can be Byzantine faulty,
meaning they may exhibit arbitrary, potentially adversarial
behavior. Replicas that faithfully follow the protocol and do
not crash are considered correct, while others are deemed
faulty. In every view, at least a quorum of ¢ = n — f correct
replicas is assumed to be available.

We assume a partially synchronous network [24], where
periods of instability may cause unpredictable delays. How-
ever, after a global stabilization time (GST), latencies become
bounded. We also assume there exists a known parameter
and an actual latency L, (A, B) between correct replicas A and
B, such that after GST, the round-trip time of any message
between A and B is in the interval [L,(A, B), d - L,(A, B)].

Note that the partial synchrony assumption only pertains
to liveness; the RSM’s safety is always preserved. A faulty
replica may attempt to disrupt the RSM’s performance by
recording incorrect measurements in the log. However, an
adversary cannot delay messages, including measurements,
between correct replicas. Thus, faulty replicas cannot inter-
fere with measurement exchanges between correct replicas.

Let IT denote the set of n replicas running the RSM. A
configuration is an assignment of roles to replicas, which
may also encode topology information, e.g., a tree configura-
tion. While describing a replica’s position in a tree/graph, it
may also be referred to as a node. An RSM may reconfigure
from one configuration to another, e.g., to activate a better
configuration or recover from a faulty configuration.

3 Motivation

If you can’t measure it, you can’t improve it.
—Lord Kelvin

This section outlines several challenges with existing sys-
tems that motivate OptiLog’s design.

Performance tuning. Optimizing the performance of RSM-
based protocols necessitates precise tuning to the conditions
of their deployment environment. Performance parameters—
such as the replication degree, batch size, concurrency, shard
count, and network timeouts—must be carefully calibrated
to balance efficiency and reliability. For instance, RSMs op-
erating over wide-area networks with inherently higher and
less predictable latencies require more conservative time-
outs compared to those on local area networks [27, 60]. For
leader-based protocols, choosing a short timeout may lead
to consecutive leader changes [47], while a longer timeout
results in slower recovery from failures. A single leader often
becomes a performance bottleneck [41, 59], and rotating the
leader-role [63] can result in significant performance degra-
dation when some replicas are faulty [30, 47]. To the best of
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our knowledge, real-world RSM deployments lack real-time
feedback mechanisms to optimize their configuration.
Limitations of local-only measurements. Local measure-
ments [12, 49, 53], where individual replicas capture and use
measurements without sharing them with other replicas, suf-
fer from inherent limitations. Such local-only observations
can lead to discrepancies, as replicas may draw inconsistent
conclusions about their operating environment. Furthermore,
replicas cannot be held accountable for configuration deci-
sions based on local measurements, since such decisions
cannot be verified by other replicas.

Measurement-based role assignment. A wide range of
strategies exists for RSM optimization [15], including pipelin-
ing [31, 34], committee selection [33, 37, 64], and tree-based
communication topologies [42, 51]. These optimizations rely
on special roles, like coordinators [34], collectors [31], com-
mittee members [64] and internal nodes [51]. These roles
are assigned in a randomized [29, 51] or predefined fash-
ion [8, 48, 58], requiring trial-and-error to find a working
assignment. This precludes informed decisions and learning
from past configuration failures.

Performing end-to-end measurements to evaluate and se-
lect configurations [25] becomes impractical as the config-
uration search space grows. For example, when assigning
voting weights [57] or positions in a tree overlay [51], the
number of possible configurations is exponential in the num-
ber of replicas, making it infeasible to perform end-to-end
measurements for all configurations.

Aware [13] selects low-latency configurations based on
per-link latency measurements and a scoring function. While
this approach is applicable to large configuration search
spaces, Aware lacks a mechanism to hold misbehaving repli-
cas accountable when configurations do not perform as ex-
pected. In particular, if probe messages exhibit different la-
tencies than actual protocol messages, Aware is unable to
select a suitable configuration, as we show in §7.1.

Some systems [21, 25] use measurements to monitor con-
figuration performance, while others rely on observations of
past failures [61, 68]. However, these systems focus on leader
selection and hold only the leader accountable for failed or
degraded configurations. This limitation makes them unsuit-
able for complex configurations, such as tree topologies [51],
which may fail despite a correct leader.

Collaborative optimization. Optimizing RSM configura-
tions by exploring the search space on a single replica creates
a performance bottleneck. Throughput can be improved by
partitioning the search space and distributing the partitions
across replicas via scatter-gather [54] or map-reduce [22, 67]
techniques. Yet, these distribution techniques remain sur-
prisingly underutilized for optimizing RSM configurations.
Non-deterministic configuration optimization. Finding
an effective configuration can be framed as a combinato-
rial optimization problem. Due to the vastness of possible
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configurations, finding an optimal solution is often unfea-
sible. This makes heuristic approaches, including machine
learning, more viable than deterministic methods. However,
due to the inherent non-determinism of these heuristic solu-
tions, existing systems [13] do not support non-deterministic
configuration optimization.

4 OptiLog Architecture Overview

This section gives an overview of OptiLog’s architecture, as
shown in Fig. 1. OptiLog provides measurement and monitor-
ing capabilities to optimize the performance and scalability of
generic RSM applications. The RSM uses a consensus engine
to consistently replicate client commands to an append-only
log. Optimizing the RSM requires metrics on both its state
and environment. To achieve this, OptiLog augments each
replica with sensors and monitors. These components use the
log to share information about the system’s configuration
and sensor measurements with all replicas.

Sensors collect various measurements and pass them to the
sensor app, which uses the consensus engine to disseminate
authenticated measurements to all replicas. These measure-
ments can come from different sources, such as the replica’s
operating environment or sensors integrated into the con-
sensus engine. The monitors act as counterparts to sensors,
receiving notifications about specific measurements and use
them to compute various metrics.

Fig. 2 shows how monitor M; (M;) collect measurements
from sensor S; (S3) at replicas A, B, C, and D. This allows Opti-
Log replicas to make operational decisions based on deter-
ministic information rather than local-only sensor data. As
shown in Fig. 2, monitor M, makes reconfiguration decisions
for the RSM based on globally recorded and agreed-upon
measurements. For example, one of our monitors generates
a latency matrix that provides insights into the latencies
between all participating replicas, as discussed in §4.2.1.

4.1 Sensors and Monitors

This section presents OptiLog’s mechanisms for collecting
and processing measurements, namely sensors and monitors.
Each sensor-monitor pair has a one-to-one relationship, as
shown with S;-M; and S;—M; in Fig. 2.

A sensor abstracts the capture of local-only measurements
related to a replica’s operational context. Sensors can be
integrated into system components, such as the consensus
engine, or can query the operating system for metrics such as
CPU load. A sensor can also use information from local mon-
itors, as exemplified by the dashed arrow from M; to S; in
Fig. 2. A sensor’s output is assumed to be non-deterministic
and may vary across replicas. Sensors may also perform non-
deterministic computations, e.g., to support heuristic and
distributed optimization algorithms. We refer to both sensor
output and compute results as measurements. These measure-
ments are recorded in the log, providing a consistent record
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Figure 2. Replicas (A,B,C,D) with sensors and monitors.

of the system’s operation. The recorded measurements are
later accessed by monitors, as discussed below.

In a Byzantine environment, sensors at up to f faulty
replicas may report incorrect measurements. Consequently,
any monitor using these measurements must account for
potential inaccuracies. Yet retaining a record of incorrect
measurements can be invaluable for forensic analysis.

The monitor is the core abstraction linking sensor measure-
ments from individual replicas with system-wide operations,
enabling dynamic adjustments to the RSM. When a sensor
records a measurement, the corresponding monitor updates
its data structures through the following steps:

1. Data Collection: The monitor collects measurements
from its associated sensor via the log; it may also use
data from other local monitors.

2. Deterministic Computation: The monitor processes
consistent measurements by performing a determinis-
tic computation, producing consistent output; referred
to as metrics.

Since monitors on each replica operate on the same ordered
set of measurements, they maintain consistent data struc-
tures across the system. This consistency provides a consoli-
dated, global view of the measurements, allowing replicas
to coordinate system-wide operations reliably, such as acti-
vating a new tree configuration with OptiTree (§6). Table 1
summarizes the key properties of sensors and monitors.

Table 1. Summary of sensor and monitor properties.

Property ‘ Sensors Monitors

Input System & local monitors ~ Log & local monitors
Computation | Non-deterministic Deterministic

Output Variable across replicas Consistent across replicas

In the following sections we present the sensors and mon-
itors we implemented for OptiLog, and Fig. 3 shows how
these interact to ensure robust configurations.
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4.2 Low-Latency Role Assignment

In this section, we present a pipeline of four sensors and
monitors suitable for assigning roles for low-latency config-
urations under Byzantine failures. The pipeline comprises: a
LatencySensor to measure link latencies, a SuspicionSensor
to suspect replicas whose protocol messages are significantly
delayed compared to their reported latencies, a Misbehavior-
Sensor to report on provable misbehavior, and a Config-
Sensor to search for an efficient configuration.

While Aware [13] uses latency measurements to optimize
configurations, our novelty is in combining latency measure-
ments with suspicions, both to detect protocol latencies that
deviate from expectations and to incorporate suspicions into
the configuration search. Additionally, through the use of
the generic sensor and monitor abstraction, we can design
reusable components, as we show by integrating them into
different BFT systems in §5 and §6. Applying our sensors to
different BFT protocols and topologies requires certain func-
tionality to be provided by the underlying protocol, which
we highlight in the description of each sensor.

4.2.1 Latency Monitoring. We now discuss our approach
to measuring latencies between replicas. For protocols with
direct message exchanges, like HotStuff [63], the latency sen-
sor measures the round-trip latency of the protocol messages
themselves. For protocols where replicas do not issue direct
replies, the sensor instead relies on dedicated probe messages.
Each replica compiles its measurements into a latency vector,
which it submits to the consensus engine. Any replica that
fails to reply is marked as oo in the latency vector. We assume
that the consensus engine prevents the censoring of latency
vectors—for example, by forcing a leader change upon mes-
sage omission [19] or rotating leaders frequently [63].

Each replica’s LatencyMonitor maintains a latency ma-
trix L, representing inter-replica latencies. When a measure-
ment is committed, the monitor updates the sender’s row
with the new latency vector. Symmetry is preserved by set-
ting Ly = Lga = max(L,(A, B), L,(B, A)), where L,(A, B)
is the recorded latency between A and B.

While measuring latencies of protocol messages may re-
duce overhead and yield precise estimates, probe messages
can fill the latency matrix faster. In HotStuff, for instance, a
rotating leader needs 2n views to fill the matrix when it re-
lies solely on protocol messages. While measurements using
protocol messages must be implemented within the protocol,

the LatencySensor, which uses probe messages, does not
require any functionality from the underlying protocol.

We measure latency periodically. When measurement is
performed after GST, the recorded latency between correct
replicas is within a factor § of the actual latency. No assump-
tion is made about recorded latencies between replicas where
at least one replica is faulty. However, our suspicion sensor,
presented below, is designed to detect faulty replicas that
under-report their latencies. Moreover, in the examples we
consider, faulty replicas that inflate the latencies of adjacent
links are less likely to be assigned critical roles.

4.2.2 Misbehavior Monitoring. A significant challenge
for scalable RSMs is to stay optimized despite faulty replicas
disrupting the configuration. OptiLog provides two monitors
for detecting faulty replicas: one precise (this section) and
one for suspicions (§4.2.3).

Precise detection is possible using the proof-of-misbehavior
technique [7, 23, 35, 45, 55]. The MisbehaviorSensor, in-
tegrated into the consensus engine, observes the replicas’
protocol-specific behavior and raises a complaint when de-
tecting a provable violation. Complaints are signed and pro-
posed via the sensor app and logged. Detected misbehav-
iors include invalid threshold signatures, proposals, votes,
complaints, and equivocation. An equivocation is identified
when replicas detect the leader sending different messages
despite the protocol dictating it should send identical mes-
sages. What entails a misbehavior depends on the protocol
or even the implementation. Therefore, the detection func-
tionality for the MisbehaviorSensor must be provided by the
underlying protocol.

When a complaint proposal is received, each replica’s Mis-
behaviorMonitor verifies it. If valid, the monitor updates its
list of provably faulty replicas ¥, which is used to exclude
replicas from special protocol roles, such as leader.

4.2.3 Suspicion Monitoring. Gathering enough evidence
for a proof-of-misbehavior complaint is often infeasible. We
therefore add suspicion monitoring to detect timing and
omission faults. These suspicions are then used to build a
candidate set that excludes the suspected replicas.

Our SuspicionSensor applies to leader-driven RSM proto-
cols where proposals are committed through repeated mes-
sage exchanges. We refer to each proposal-commit cycle as
a round. The SuspicionSensor assumes replicas have access
to synchronized clocks.
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Figure 4. PBFT message pattern showing expected round
duration d,,s and message delay d,,.

The SuspicionSensor’s main goal is to detect replicas that
fail to meet their claimed latencies as reported in L. Detecting
these deviations is challenging, since protocol messages often
do not follow a request-reply pattern. For example, consider
the message pattern in PBFT [19], illustrated in Fig. 4. For
replica A to determine whether the highlighted message m
is delayed, it must know when replica B should have sent m.

To solve this issue, we let the leader timestamp its pro-
posal when starting a round and use this timestamp as a
reference point for timeouts on individual messages. Thus,
in our example, replica A would expect message m to arrive
a certain time after the proposal timestamp. This timeout is
shown as d,, in Fig. 4.

Additionally, the SuspicionSensor checks that leaders do
not delay timestamping. It does so by verifying that consec-
utive proposal timestamps fall within the expected round
duration, denoted d, 4.

The SuspicionSensor requires the underlying protocol to
provide functionality to compute the estimated round dura-
tion d,,4 for a configuration. The protocol must also provide
dpm for each message.

The conditions for raising a suspicion are summarized in
the table below. Here, A--> B denotes that A suspects B.

Condition for Suspicion Suspicion
(a) Proposal timestamps not within 8 - dynq (Stow, A-->L)
(b) No message m from B, § - dp,, after round start  (SLow, A--> B)

(c) False suspicion from B on A (FALsE, A--» B)

First, A--> L if two consecutive proposal timestamps from the
leader differ by more than §-d, 4. As discussed above, this en-
sures that rounds are started at the correct interval. Second,
A--> Bif amessage m from Bto A does not arrive within §-d,,
after the leader’s proposal timestamp. This mechanism also
raises suspicions against the leader if it creates the proposal
on time but delays sending it, thereby delaying round initial-
ization. The timeouts d,,, and d, 4 are adjusted by the factor §
to account for variations in latency. Finally, ifa (_, B--> A) is
raised, then A reciprocates by raising a (FALSE, A--> B). The
last condition helps to distinguish suspicions raised against
crashed replicas, which cannot reciprocate, from suspicions
against misbehaving replicas.
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In complex message patterns, a single delayed message
may delay subsequent messages and trigger multiple sus-
picions. Such causally related suspicions are filtered in the
SuspicionMonitor. To enable this filtering, a suspicion in-
cludes the message type and round that caused it. For each
round, the SuspicionMonitor retains only the first suspicion,
discarding suspicions from later protocol phases. Addition-
ally, if the leader raises suspicion for a message in round i,
suspicions against a delayed proposal timestamp in round
i+ 1 are also filtered.

The SuspicionSensor guarantees that if a protocol does
not finish a round within ¢ - d,,4, a suspicion will be raised.
Additionally, if d,,4 and d,, are configured correctly, then
after GST, any suspicion between correct processes will be
filtered out. Thus, the SuspicionSensor ensures that, after
GST, a configuration either meets expected latencies or raises
a useful suspicion. Appendix C formalizes the properties
that d,,4 and d,;, must satisfy and provides proofs of these
guarantees.

Candidate Selection. The SuspicionMonitor processes
suspicions to produce a candidate set K of replicas considered
correct, along with an estimate u of the number of misbehav-
ing replicas. To this end, the SuspicionMonitor first removes
provably faulty replicas ¥, reported by the Misbehavior-
Monitor. Next, the SuspicionMonitor distinguishes between
crash suspicions and misbehavior suspicions to produce a
good estimate u.

The SuspicionMonitor must ensure that faulty replicas
causing suspicions are removed from the candidate set and
that the number of misbehaving replicas is not underesti-
mated. Failure to do so may allow faulty replicas to repeat-
edly interrupt the system, by rendering a configuration dys-
functional. On the other hand, the SuspicionMonitor must
provide a sufficiently large candidate set to ensure all critical
roles can be assigned to candidates. Further, a larger candi-
date set and a lower estimate of misbehaving replicas per-
mit more choices when assigning roles and may thus result
in a more efficient configuration. We design the Suspicion-
Monitor to always provide n — f candidates and to ensure
that if repeated suspicions are raised against faulty replicas
after GST, eventually none of these replicas are included in
the candidate set, as we prove in Appendix C.

Condition (c) allows us to distinguish suspicions against
crashed replicas from those caused by misbehaving repli-
cas. A crashed replica B will be suspected by others through
(SLow, A--»> B). If a faulty replica B raises (SLow, B--> A)
against a correct replica A, then A will reciprocate with
(FALSE, A --> B). Thus, a replica suspected of being slow
without raising a counter-suspicion is considered crashed.
Conversely, if two replicas suspect each other, it remains
unclear which one is faulty. The SuspicionMonitor keeps sep-
arate data structures for these two cases: a set C for crashed
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replicas and a suspicion graph G for other suspicions. For-
mally, G = (V, &) is an undirected graph where the vertices
V ={II\ ¥ \ C} represent possible candidate replicas, and
an edge (A, B) € & indicates a two-way suspicion, A <> B.

When a suspicion (SLow, A--» B) is raised against a cor-
rect replica B, it may take several views before a reciprocation
(FALSE, B--» A) is logged, especially if faulty replicas attempt
to censor such suspicions. We therefore treat every new sus-
picion between two replicas in ‘V as a two-way suspicion
by adding the corresponding edge to G. If no reciprocation
is received within f + 1 leader changes (views), the edge is
treated as a one-way suspicion, and B is added to C.

The SuspicionMonitor computes a maximum independent
set from the vertices in G and uses it as the candidate set
K. This computation must be deterministic, to ensure that
all correct replicas reach the same conclusion. Additionally,
the monitor outputs the estimated number of misbehaving
replicas, u = |V| - |K].

Before GST, unstable latencies may cause suspicions, even
between correct replicas. To prevent these suspicions from
persisting indefinitely, the SuspicionMonitor employs two
mechanisms. First, if the system remains stable with no new
suspicions for w views, the monitor begins removing old
suspicions in the order they appear in the log. Second, if too
many suspicions are received, it also starts discarding old
suspicions. Too many suspicions occur when G no longer
contains an independent set of size n — f.

4.2.4 Configuration Monitoring. OptiLog’s monitoring
architecture is also used to trigger reconfigurations. The
ConfigSensor searches for a new configuration and proposes
it via the log. The ConfigMonitor then selects among the
proposed configurations and initiates reconfiguration.

This separation has several benefits. First, while the mon-
itor’s reconfiguration decision must be deterministic and
taken by all replicas, the sensor’s search for a better con-
figuration can be performed by a small subset of replicas.
Second, when the search space is large, the sensor can use
more efficient non-deterministic search algorithms. Lastly,
the search space can be divided among the replicas.

The ConfigSensor utilizes measurements from the other
monitors to find a new configuration. We say that a configu-
ration is valid if all special roles are assigned to replicas from
the candidate set K. A search can be triggered periodically, or
by an updated K that invalidates the current configuration.
The remaining configurations are ranked using a score(-)
function, and the best-scoring configuration, I', is proposed
to the log. To achieve low-latency configurations, score(-)
predicts the round duration d,,4 using the latency matrix
L from the LatencyMonitor together with the estimate of
misbehaving replicas u from the SuspicionMonitor. By in-
corporating u, score(-) can account for potential message
delays caused by misbehaving replicas. Thus, score(-) can
assume that u replicas with normal roles will not respond.
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Hence, by using u, score(-) can adapt to the actual number
of faults in the system, yielding significantly faster configu-
rations compared to assuming the worst-case of f faults.

When assigning multiple roles, it quickly becomes in-
tractable to compute the score for all configurations. In such
cases, we use a heuristic optimization technique based on
simulated annealing [40]. We initiate the search with a ran-
dom configuration, ensuring that special roles are only se-
lected from K. Simulated annealing uses a mutate function
to randomly swap two replicas in the configuration. Our
mutate function ensures that replicas with special roles are
only swapped with other replicas from %K.

Simulated annealing then compares the score of the mu-
tated configuration with that of the best configuration found
so far and probabilistically selects the new configuration for
further mutation. While simulated annealing allows explo-
ration beyond local minima, it does not guarantee a global
minimum. The search ends when the search timer expires
or when simulated annealing converges. At this point, the
ConfigSensor logs the best configuration found.

We note that our search procedure is not deterministic.
Indeed, when different replicas start the search with different
initial configurations, it is more likely that one of them finds
the best configuration.

When the ConfigMonitor receives a configuration pro-
posal I, it first checks that the proposal represents a valid
configuration. The monitor also checks if the current config-
uration has become invalid, e.g., due to an updated K from
the SuspicionMonitor. If the current configuration is invalid,
reconfiguration is needed. However, the monitor waits for
at least f + 1 replicas to propose new configurations before
selecting the one with the best score. This prevents reconfig-
uring to a potentially suboptimal configuration proposed by
a faulty replica. The monitor can trigger a reconfiguration
even if the current configuration is still valid but has been
active for a while. In this case, the monitor requires the new
configuration to have a significantly better score to avoid
frequent reconfigurations that could disrupt the system. We
note that a replica can validate the score of configurations
proposed by others and independently decide which config-
uration to accept only because measurements are recorded
in the log and metrics are consistent across replicas.

5 OptiAware

We first study how OptiLog can be applied to BFT-SMaRt [16],
amodern PBFT-like replication library that features many op-
timizations. These optimizations are often realized through
protocol extensions such as Wheat [57] and Aware [13],
which we use for our study. Both protocols assign higher
voting weights to some replicas. These weighted votes en-
able faster consensus, especially when n > 3f + 1, as fewer
replies are needed to make progress in favorable conditions.
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Aware extends Wheat with infrastructure for measuring
round-trip latencies using probe messages. It also adds a
reconfiguration framework that reassigns the leader role
and weights to minimize a configuration’s latency. However,
Aware does not include infrastructure to detect misbehaving
replicas, for example replicas that respond quickly to probes
but handle protocol messages slowly.

OptiAware applies OptiLog to Aware. OptiAware’s main
novelty is the addition of misbehavior and suspicion monitor-
ing. Further, when searching for a configuration, OptiAware
avoids replicas not in the candidate set.

As mentioned in §4.2.3 and §4.2.4, the main functionality
necessary to apply OptiLog to a protocol are

1. provide a score(-) function for configuration search
2. provide a procedure to estimate d,,4 and dp,.

Aware already provides a score(-) function that computes
the round duration d,,4 from the latency matrix L. We use
that function in OptiAware. The score(-) function computes
the estimated time for the arrival of messages in a round,
ignoring the slowest messages, when a quorum is formed.
For the duration estimate d,, we use the same approach as
score(-), but only consider messages causally preceding the
sending of a message m in a round.

By integrating OptiLog into Aware, we can achieve an
adaptive BFT protocol that can optimize its configuration to
achieve low latency in a WAN (which is what Aware does)
and react to malicious delays and omissions carried out by
Byzantine replicas that try to slow down the system.

6 OptiTree

This section introduces OptiTree, a variant of Kauri [51],
utilizing OptiLog to construct correct, low-latency trees.

6.1 Preliminaries for OptiTree

6.1.1 A Brief Primer on Kauri. This section gives an
overview of Kauri and its reconfiguration approach. To im-
prove scalability, Kauri replaces HotStuff’s star topology
with a tree topology (Fig. 5), where leader R disseminates pro-
posals top-down and aggregates votes bottom-up. We refer to
replicas with a specific role or placement in the tree as nodes.
In this structure, Kauri’s internal nodes, I = {R, I, ..., Iy},
manage only b child nodes, where b is the tree’s branch fac-
tor. As a result, the internal nodes experience a much lower
load than HotStuff’s leader, which must interact with n — 1
replicas. Let M = I \ {R} denote the intermediate nodes, and
L=T\71=AT,..., Ty} the leaf nodes.

Kauri exploits the parallelism of its tree topology through
pipelining. Specifically, the root can initiate multiple consen-
sus instances concurrently, resulting in higher throughput
than a comparable star topology.

However, it is hard to construct trees in the presence of
faults. That is, the internal nodes of a tree can control both
the dissemination and aggregation stages of the protocol. In a
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Figure 5. Tree with n = 13 replicas and branch factor b = 3.

star topology, assuming an honest leader, protocol execution
may succeed despite some faulty votes. This may not be the
case for a tree topology. To address this concern, Kauri forms
a correct tree using a reconfiguration algorithm based on
t-Bounded Conformity [51]. This method involves dividing
the replicas into ¢ disjoint bins, assuming that f < ¢, where
t = n/iand i is the number of internal nodes. Kauri then
constructs trees using these bins, with replicas in each bin
serving as internal nodes and the rest as leaf nodes. If f < t,
there is always at least one fault-free bin, ensuring at least
one tree with correct internal nodes. If Kauri is unable to
establish a correct tree within ¢ reconfiguration trials, it
reverts to using a star topology. Neiheiser et al. [51] show
that a three-level tree can guarantee liveness if the internal
nodes are correct. Their reconfiguration algorithm exploits
this guarantee by iterating through trees constructed from
disjoint sets of internal nodes.

6.1.2 Kauri’s Challenges. In a wide-area environment,
Kauri may face several challenges: 1) A single faulty replica
may exclude many other replicas from being considered as
internal nodes. Moreover, if latencies are not uniform, the
performance of successive trees may degrade significantly.
We show this in §7.5. 2) Kauri reconfigures only when a tree
fails to collect g replies. For example, if a low-latency subtree
fails, Kauri may wait for a higher-latency subtree to respond,
resulting in degraded performance. 3) Kauri’s reconfigura-
tion approach only supports O(4/n) reconfigurations.

To address Challenge 1, OptiTree uses the suspicion sensor
of OptiLog to eliminate faulty replicas from the candidate set
individually or paired with at most one correct replica. For
Challenge 2, the estimate on faulty nodes u provided by the
SuspicionMonitor in OptiLog allows OptiTree to successively
adjust the failure threshold of the tree. Further, we prove
that in any scenario with up to f faults, OptiTree uses at
most 2f reconfigurations to find a correct tree, addressing
Challenge 3.

6.2 Overview of OptiTree

OptiTree finds correct, low-latency trees for large-scale RSM
deployments. A correct tree is one where the internal nodes
are correct, ensuring that the tree can collect a quorum of
votes. OptiTree assigns the roles of root, intermediate node,
and leaf node connected to a specific internal node. As ob-
served in Kauri [51], a tree remains functional as long as
all internal nodes (root and intermediate) are correct. We
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therefore only consider the roles of internal nodes as spe-
cial, ensuring that OptiLog assigns these roles to candidate
replicas considered correct (%).

However, an arbitrary correct tree may be suboptimal,
and so OptiTree additionally aims to minimize the tree’s
latency based on the replicas’ recorded latencies. We define
tree latency as the time it takes for the root to disseminate the
proposal and aggregate a quorum of votes. A tree fails when
it cannot collect a quorum of votes within a timeout. In the
following, we explain how OptiLog’s sensors and monitors
are adjusted to match the characteristics of a tree topology.

In §6.3, we show how to provide the necessary function-
ality to apply OptiLog to Kauri. In §6.4, we describe a new
variant of the SuspicionMonitor that finds a working tree in
fewer iterations. This shows how the OptiLog architecture
can further be adjusted to a specific use case.

6.3 OptiLog for Tree Topologies

To apply OptiLog to assign roles for a tree topology, we must
implement the functionality highlighted in §4.2, namely a
score(-) function for configuration search and a procedure
to estimate d, 4 and d,,. Further, for OptiTree we also aug-
ment the MisbehaviorMonitor with a special rule, as de-
scribed below.

Our score(-) function is defined in Definition 1. It com-
putes the minimum latency required to collect votes from
k = g+ unodes in a tree, where u is the estimate of faulty
nodes provided by the SuspicionMonitor. This estimate en-
sures that the tree can meet the predicted latency despite up
to u unresponsive nodes.

Definition 1. For a tree 7, the score(k, 7) is the minimum
latency required to collect votes from k = q + u nodes.

This score is computed using the link latencies in the tree,
derived from L, taking into account that intermediate nodes
first collect votes from their children before forwarding them
to the root.

The aggregation latency Lgg(I), for intermediate node I,
is the maximum latency from I to any of its children, Ch(I):

Lgge(I) = max L
ags (1) vechn Y
Let M} represent subsets of all intermediate nodes such that

the subtrees rooted at these nodes contain a total of at least
k nodes:

Mi={Mc M| > ICh(D|+1 2k}

IeM

Thus, the time to collect k votes is the minimum time to
collect aggregates from subtrees in a set from Mj_, since
the root R’s vote is added separately.

k1) = i L I)+L
score(lr) = i (s () +Lue)
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The score(-) function is also used to estimate the round
duration d, 4. For message duration estimate d,,, we sum the
latency of causally preceding messages in a round.

OptiTree also provides an additional rule for misbehav-
ior monitoring of invalid vote aggregation. In a tree con-
figuration, intermediate nodes are responsible for aggregat-
ing votes from their children and forwarding them to the
root. However, if an intermediate node does not receive a
vote from a child node, the aggregate vote must include a
suspicion for the missing vote. That is, the aggregate must
include b + 1 votes or suspicions. Failure to meet this re-
quirement allows the root to use the aggregation vote as
proof-of-misbehavior against the intermediate node.

We note that, as an additional optimization, the suspicion
sensor can be simplified in OptiTree. For example, for sus-
pecting leaf nodes, intermediate nodes can rely on measuring
round trip times, rather than relying on the delay relative
to proposal timestamps. Additionally, due to the added mis-
behavior rule, intermediate nodes need to either include a
leaf’s vote on time or suspect that leaf. Therefore, suspicion
monitoring for condition (b) in §4.2.3 can be omitted at leaf
nodes.

6.4 Candidates for Trees

OptiTree assigns the roles of internal nodes to replicas in
the candidate set K. However, since a configuration has
only b + 1 ~ +/n many internal nodes, OptiTree does not
require that the candidate set contains n— f replicas, as is the
case in OptiLog. In the following, we describe an updated
SuspicionMonitor that computes a smaller candidate set but
guarantees that the replicas in that candidate set are correct
after fewer reconfigurations (at most 2f) compared to the
approach in §4.2.3. This shows the flexibility of OptiLog’s
architecture.

When computing a maximum independent set for candi-
date selection (§4.2.3), a single intermediate node suspected
by a leaf may cause the candidate set to update and require a
reconfiguration. Faulty replicas may force Q(f?) reconfigu-
rations before they are excluded from the candidate set [39].

We introduce two additional sets, &; and 7, derived from
the suspicion graph G. &, is a maximal set of disjoint edges in
G. For every edge in &, at least one of the adjacent vertices
is a faulty replica. We therefore exclude both replicas from
K. Whenever an edge is added to G, the SuspicionMonitor
checks if &; is still maximal. This check includes possibly
removing one edge from &; and adding two new ones. The
cost of maintaining &, is O(e?), where e is the number of
edges in G. We also determine 7, the set of vertices that are
not adjacent to an edge in &, but part of a triangle in G with
an edge in ;. We also exclude replicas in 7 from K.

Finally, we return % containing replicas (vertices) in G
that are not in 7~ or adjacent to an edge in &;. We also return
the estimated number of faulty replicas u = |E4| + |7



EUROSYS ’26, April 27-30, 2026, Edinburgh, Scotland Uk

O—O Edge in tree
O(—)O Two-way suspicion in E4
& N

O(- - —>O Two-way suspicion
1

O ----- >O One-way suspicion
O Excluded from internal nodes

Figure 6. Example of suspicions leading to removal of nodes

as candidates for internal tree positions.
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Fig. 6 illustrates a suspicion graph G and the resulting
tree configuration with excluded nodes. In this example,
Eaq = {(51, 84), (S2, S3)}, as adding any other suspicion would
violate the disjoint property of &y, which is already maximal.
The set 7 = {A;} includes nodes that form a triangle with
one edge in &; and two others in G. As B, has a one-way
suspicion, it is added to C. Since all replicas from 7, &4, and
C are excluded from IT, we get K = {N;, Nz, N5, R}.

We provide proofs of OptiTree’s correctness in Appen-
dix D. We prove that after GST, at most 2f reconfigurations
are needed to form a correct tree. Especially, if t < f replicas
are faulty, at most 2¢ reconfigurations are needed.

7 Evaluation

In this section, we demonstrate OptiLog’s usefulness for
BFT protocols by evaluating the use cases: OptiAware and
OptiTree. For OptiAware, we show that using OptiLog, par-
ticularly its suspicion monitoring, prevents Aware from per-
formance degradation, for which we evaluate its runtime
behavior under attack (§7.1). We also assess the scalability
of handling suspicions in OptiAware (§7.2).

For OptiTree, we show that integrating OptiLog sensors
and monitors yields better tree configurations, improving
overall system performance. After describing OptiTree’s im-
plementation and experimental setup (§7.3), we evaluate its
performance against Kauri and HotStuff as baselines (§7.4).
We then examine the robustness of OptiTree configurations
under malicious replicas (§7.5, §7.6) and analyze how sim-
ulated annealing search time impacts overall tree latency
(§7.7). Finally, we assess the overhead introduced by Opti-
Log (§7.8).

Artifacts used in the evaluation of OptiTree and Opti-
Aware, including experimental procedures and execution
scripts, are available at https://zenodo.org/records/17169372.

7.1 OptiAware Runtime Behavior

We implemented OptiAware inside the Aware framework [13]
by integrating OptiLog’s monitors. Since we now enriched
Aware with the capability to detect suspicions (such as mali-
cious replicas delaying messages), we are interested in what
happens when an attack occurs. For this purpose, we evaluate
OptiAware’s runtime behavior under the known Pre-Prepare
delay attack [7, 21], in which a Byzantine leader intentionally
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Figure 7. Runtime attack: OPTIAWARE vs. baselines.

delays a proposal. We are interested in its ability to detect
delayed protocol messages through suspicions and reassign
the leader role to maintain optimal performance.

Setup. We deploy one client and one replica in each of 21
European cities using the Phantom network simulator [38].
Clients continuously issue requests to the replicas. Our ex-
periment compares the protocols BFT-SMaRt, Aware, and
OptiAware. We measure end-to-end request latency as ob-
served by the clients. During execution, a Byzantine leader
launches a Pre-Prepare delay attack at approximately t = 80 s
to degrade system performance.

Observations. Fig. 7 shows latency measurements from
a representative client in Nuremberg. Initially, for t < 40,
all protocols exhibit comparable latency. At t = 40's, Aware
and OptiAware optimize their configuration (i.e., assigning
the leader role and voting weights to replicas) as explained
in §5. This optimization yields a significant 35% reduction in
latency compared to BFT-SMaRt, which remains static. The
observed improvement aligns with prior findings on adaptive
BFT protocols [13, 14], which also demonstrate performance
gains under different experimental setups.

At t = 82s, the Byzantine leader initiates the Pre-Prepare
delay attack, delaying proposals to inflate client-observed
latency. All protocols experience inflated latency. However,
OptiAware using OptiLog’s SuspicionSensor can detect the
delay attack and reassigns the leader role to exclude the
malicious replica. Consequently, at t = 137 s, OptiAware
reconfigures to a new optimal configuration, thus restoring
low latency, while BFT-SMaRt and Aware remain degraded.

7.2 OptiAware Scalability

While the overhead of logging suspicions can be kept low
using an efficient encoding scheme (see §7.8), our primary
concern here is evaluating the scalability of OptiAware’s
suspicion handling. To this end, we measure the overhead
of computing the maximum independent set in the resulting
suspicion graph. This step is necessary to identify candidate
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Figure 8. Suspicion graph computation time for OPTIAWARE.

replicas for important consensus roles to be assigned during
a reconfiguration.

Setup. We generate random suspicion graphs for small
(n = 4) to medium-sized (n = 100) system configurations
relevant for PBFT. Each graph encodes pairwise suspicions
between replicas with edges representing mutual distrust.
For each value of n, we generate 100 random graphs to ac-
count for structural variance. We compute the maximum
independent set of each suspicion graph using a heuristic
variant of the Bron-Kerbosch algorithm [17], which detects
cliques on the inverted graph.

Observations. Fig. 8 plots the average time to compute
the candidate set for increasing configuration sizes on a VM
with two Intel Xeon Gold 6210U cores. Execution times below
1 ms for smaller systems (n < 25) are shown in the plot’s
inset. While the computation time grows rapidly with n, it
remains below 1 s for all configurations up to n = 100, which
we consider acceptable for typical PBFT-scale deployments.
This suggests the candidate selection process described in
§4.2.2 can be efficiently used for reconfigurations.

7.3 OptiTree Implementation & Experimental Setup

We implemented OptiLog and OptiTree in an open-source
BFT framework based on HotStuff [3]. We also implemented
Kauri [51] in the same framework for comparison.

Our primary focus is evaluating our optimizations’ per-
formance in deployment scenarios where replicas are dis-
tributed globally. To emulate such a distribution of replicas,
we integrated a module mimicking network latency between
replicas. Each replica is assigned a location from a prede-
fined set of cities, and messages are artificially delayed based
on the recipient’s location. Our network emulator includes
220 worldwide locations, obtained from WonderProxy [6],
with intercontinental delays ranging from 150 to 250 ms, in
addition to the actual network delay of 1 ms.

Our deployment cluster consists of 30 machines, each
with 32GB of RAM and 12-core Intel Xeon processors, con-
nected via a 10Gbps TOR switch. We deployed 4 replicas
per machine for all evaluations. We used 4 clients to send
requests to replicas, and replicas batch these requests into
block proposals. We do not emulate latency between clients
and replicas; their communication is instantaneous. Several
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existing studies [13, 25, 44] examine client placement and
its impact on BFT protocol performance. We did not address
this aspect, as it is orthogonal to our work.

We use the Chained HotStuff [63] protocol for consen-
sus. In all experiments, a fixed leader sends proposals and
collects a quorum of votes to commit the proposal. We use
blocks of 1000 proposals, each without transaction payload.
Throughput is the number of requests that replicas commit,
while consensus latency is the time between sending a block
proposal and committing the block. Unless specified, any
reference to latency refers to consensus latency.

In Kauri, the leader (root) sends proposals in a tree struc-
ture, and responses are aggregated up the tree. We imple-
mented pipelining in Kauri by running multiple protocol
instances concurrently. We used 3 instances for all experi-
ments with pipelining. OptiTree’s main advantage is that
it is able to form trees with lower latency. Since pipelining
has little effect on latency, we run most experiments with-
out pipelining. In all experiments, trees have a height of 3,
and the configuration size n determines the branching factor
b= (V4n -3 —1)/2. Taller trees tend to incur overly high
latencies. Trees are ranked using the score(k, r) function
from Definition 1, with k = 2f + 1 as the default.

7.4 OptiTree Baseline Comparison

This section evaluates OptiTree compared to Kauri and Hot-
Stuff by measuring throughput and latency. This evaluation
shows the potential of applying OptiLog to Kauri. We con-
ducted experiments with 21, 43, and 73 replicas, each with 4
clients. Replicas were distributed across cities based on con-
figuration size: 21 cities in Europe, 43 cities across Europe
and North America, and 73 cities worldwide. We used the
same cities as in Fig. 7.

For experiments with OptiTree, we initially run simulated
annealing for one second to search for a low-latency tree
configuration. For Kauri, tree configurations are randomly
selected. We configure the timers as described in §6.4 with
& = 1. For comparison, Kauri’s intermediate node timers are
also set based on the recorded latencies L, rather than using a
fixed timer [51]. Each experiment runs for 120 seconds, with
throughput and latency recorded every second. We report
the average throughput and latency over the 120 seconds,
with error bars representing the 95% confidence interval.

Fig. 9 shows the throughput and latency results. As ex-
pected, pipelined Kauri outperformed HotStuff, while Opti-
Tree achieved significantly better throughput than both pro-
tocols. HotStuff-rr refers to HotStuff with round-robin leader
selection, while HotStuff-fixed uses a random fixed leader.
The tree overlay in Kauri and OptiTree trades reduced la-
tency for higher throughput, but OptiTree mitigates this
to a large extend. With 73 replicas distributed worldwide,
OptiTree increased throughput by 159% and reduced latency
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Figure 9. Throughput and latency of HotStuff, Kauri, and
OptiTree with different geographic distributions.

by 39%. Given that practical deployments [1, 2, 4, 29] of-
ten involve hundreds of replicas distributed across diverse
locations, OptiTree provides a distinct advantage.

We repeated the experiment on a simulated Stellar [5] net-
work. Stellar provides a list of validators and their location.
At the time of the experiment, the Stellar network had 56
validators distributed worldwide. We mapped these validator
locations to the closest locations in our network emulator.
In this experiment, OptiTree increased throughput by 67.5%
and reduced latency by 36% compared to Kauri.

7.5 Suspicions’ Impact on OptiTree’s Latency

In this section we analyze how suspicions and failures affect
the latency of OptiTree’s configurations. We also examine
how faulty replicas may exploit the suspicion mechanism
by raising false suspicions. Faulty replicas can exploit the
tree formation process by pre-computing the optimal tree
based on the recorded latencies and then raise suspicions
against the correct internal nodes. This strategy increases
tree latency by targeted elimination of a few correct replicas,
forming a suboptimal tree. The severity of such an attack
depends on the latency distribution of the replicas.

We simulated the attack to assess its impact on OptiTree.
Starting with the assumption that all replicas are non-faulty,
we first compute a tree using simulated annealing. We then
simulate the attack by randomly selecting an internal node
to raise suspicion against the root, removing both from the
candidate set. The next tree is computed with the remaining
replicas as candidates and an increased u. This attack is
repeated f times to analyze how OptiTree’s performance
degrades with increasing faults in the configuration. We
compare these results with the random trees formed in Kauri,
which can only reconfigure up to v/n times before reverting
to a star topology.
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Fig. 10 shows the results for a configuration with 211 repli-
cas, with each data point representing the average of 1000
simulation runs with a 95% confidence interval. OptiTree
reconfigures if more than u votes are missing, while Kauri
reconfigures if f votes are missing. We therefore report the
score for collecting q + u replicas in OptiTree and g+ f repli-
cas in Kauri. The increased latency observed in OptiTree is
due to the successive rise in v and the reduced availability
of candidates. A separate investigation (see Appendix B.1)
showed that at 32 suspicions the reduced number of candi-
dates causes 65% of the latency increase, while the rest is
due to a larger factor u in the score function. The stepwise
pattern reflects the higher latency required to collect votes
from additional subtrees.

We observe that Kauri can benefit from simulated anneal-
ing to improve tree formation, so we implemented a variant
called Kauri-sa. However, this variant does not benefit from
the increasing u and must account for up to f failures. In
Kauri-sa, all internal nodes are excluded from the candidate
set after each reconfiguration and a new tree is formed with
the remaining replicas as candidate internal nodes. The in-
creased latency towards the last reconfiguration in Kauri-sa
is due to the reduced number of available candidates. In con-
trast, even after 35 suspicions have been recorded, OptiTree
retains enough candidates to construct a tree with latency
comparable to the initial tree formed by Kauri-sa.

To summarize, OptiTree’s increased resilience compared
to Kauri-sa is due to OptiLog’s suspicion monitoring, which
provides both the candidate set and the estimate w.

7.6 Tolerance to Malicious Delays

As discussed in §4.2.3, OptiLog uses the § parameter to adjust
timers based on recorded latencies. While this mechanism is
designed to tolerate latency variations, faulty replicas may
artificially inflate their latency by a factor § without raising
suspicion. We conducted experiments to assess the impact
of such an attack on OptiTree’s performance.

In this experiment, we ran OptiTree without pipelining.
The experiment involved 21 replicas forming a tree with
branch factor 4. We varied the number of faulty replicas
from 1 to 4, randomly selecting them from the intermediate
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nodes in the tree. These faulty replicas delay requests to leaf
nodes and aggregation messages to the root by adjusting the
é parameter. We tested § values of 1.1, 1.2, and 1.4.

Fig. 11 shows the impact of faulty replicas on throughput
and latency. We see that a larger delay allows attackers to
reduce performance significantly, reducing throughput by
almost 49%. We note that, while a large § enables this attack,
a small 6 can easily trigger false suspicions.

The above experiments use simulated network latencies.
These simulations do not include sudden latency spikes that
may occur in real deployments. While OptiLog tolerates
spikes within the § parameter, our results highlight the trade-
off in choosing é. Fig. 10 illustrates how suspicions, that may
be triggered by latency spikes, affect configuration latency.
Fig. 11 shows how faulty replicas can exploit a larger § to
slow down the system. A smaller § increases sensitivity to
latency variations, causing more suspicions and reconfigu-
rations, whereas a larger § tolerates benign variations but
allows faulty replicas to increase latency.

OptiLog enables selecting an optimal § through historical
analysis of recorded latencies. By systematically analyzing
past latency data, OptiLog could determine § values best
suited for varying network conditions, thereby enhancing
system resilience and performance. A comprehensive evalu-
ation of this approach is left for future work.
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7.7 Impact of Simulated Annealing on Tree Latency

In this section, we analyze the impact of OptiLog’s use of
simulated annealing (SA) on tree latency in OptiTree. SA
stops when the configured search time expires, or the cooling
temperature reaches a threshold. We conducted experiments
to evaluate how different search times impact the resulting
tree’s latency. We vary the tree size from 21 to 211 replicas,
and the search time is varied from 250 ms to 4 seconds,
doubling with each step. Each experiment was run 1000
times, and we report the average tree latency with error bars
showing the 95% confidence interval.

Fig. 12 shows how SA improves latency with increasing
search time for different configuration sizes. For smaller tree
sizes (21 to 57 replicas), SA found no improvements beyond
one second of search time. For larger tree sizes, the latency
improves with increased search time. For a tree with 211
replicas, a 4-second search resulted in a tree with 35% lower
latency than a 250 ms search.

Since SA is a non-deterministic optimization technique,
the variance in latency provides insights into its consistency.
As the search time increases, this variance decreases, indi-
cating that longer search times improve the likelihood of
consistently finding better tree configurations. In addition,
we also evaluated SA’s impact on throughput during recon-
figurations, as detailed in Appendix B.2.

7.8 OptiLog Overhead

This section evaluates the increase in proposal size due to
OptiLog’s sensors. Fig. 13 shows the average proposal size
when measurements from different sensors are included, for
20, 40, 60, and 80 replicas distributed across 10 locations.
With 80 replicas, including both latency measurements and
suspicions increases the proposal size by about 270 bytes
compared to the baseline. Adding proofs of misbehavior fur-
ther increases the proposal size by approximately 4.5 KB.
The MisbehaviorSensor includes proofs of misbehavior such
as quorum certificates or signatures. Unlike latency measure-
ments, reports from the MisbehaviorSensor and Suspicion-
Sensor are infrequent, since complaints are raised at most
once per replica. With all sensors active, throughput and
latency measurements showed no significant differences in
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WAN settings, while in a data center environment through-
put was reduced by less than 1% and CPU usage increased
by 20%.

8 Related Work

Several prior works [50, 56, 65] use accountability as a tool
to enhance security by supporting forensics to identify mis-
behaving replicas. PeerReview [36] introduced a compre-
hensive method to establish accountability in distributed
systems by auditing messages from other replicas. How-
ever, due to the extensive message exchange among replicas,
this approach may be too costly for RSMs. Polygraph [20]
introduced accountable Byzantine agreement by logging
protocol messages to justify the decisions made by replicas.
IA-CCF [55] improves on Polygraph by providing individ-
ual accountability through the use of ledgers and receipts. It
relies on trusted execution environments to secure replicas.
Given a set of conflicting receipts and a ledger, any third
party can generate proof-of-misbehavior against at least n/3
replicas. These systems are designed for forensic analysis
and do not utilize detected misbehavior to select a suitable
configuration. OptiLog instead focuses on utilizing detected
misbehavior or suspicions for informed configuration deci-
sions. While proof-of-misbehavior is a useful part of OptiLog,
we show that raising suspicions is sufficient to find perfor-
mant configurations.

Several systems have optimized configuration latency
by selecting leaders based on location [25, 46, 48] or by
ranking configurations to identify the optimal one [13, 53,
57]. However, these approaches lack mechanisms to sus-
pect or hold misbehaving replicas accountable for failed or
degraded configurations. Systems such as Archer [25] and
Aardvark [21] hold only the leader responsible. In contrast,
OptiLog’s SuspicionSensor detects underperforming repli-
cas, not only leaders, enabling its use in complex configu-
rations such as tree topologies [51], which may fail despite
a correct leader. RBFT [10] monitors performance through
redundant leader executions, allowing it to detect slow lead-
ers and replace misbehaving ones that deliberately degrade
performance. OptiLog achieves similar detection without re-
dundant executions, making it more practical for tree-based
BFT protocols where the configuration space is vast.

Abstract [9] introduced a switching mechanism to enable
more efficient protocols under favorable conditions and to
revert to more resilient protocols when conditions deteri-
orate. Similarly, Chenyuan et al. [62] propose a system to
collect and replicate configuration metrics and use them in a
reinforcement learning-based mechanism to switch between
protocols. Adapt [11] presents a quality-control system that
assesses the suitability of a configuration and protocol based
on the current environment. These systems treat the un-
derlying protocols as black boxes. Protocol switching is a
useful fallback mechanism that complements intra-protocol
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optimizations, such as the role-assignment optimizations
enabled by OptiLog.

There are several techniques [28, 32, 52] for estimating la-
tency among Internet-deployed nodes. Some approaches [28]
use landmark nodes to estimate latency, while others [32]
rely on DNS name servers. GNP [52] estimates unknown
path latencies by embedding nodes in a geometric space and
using Euclidean distance as the predictor. Variants of these
approaches incorporate machine learning, quality-of-service
protocols, and application-specific mechanisms. However,
latency estimation is challenging in the presence of faulty
nodes and attacks [66]. Therefore, OptiLog employs direct
latency measurements on all links.

9 Conclusion

RSM optimizations are difficult to maintain in dynamically
changing environments, especially in the presence of faulty
replicas and potentially manipulated measurements.

OptiLog’s sensors and monitors tackle this problem by
combining collection of local measurement and the execu-
tion of non-deterministic computations, with consistent pre-
sentations and processing of this information. Moreover,
OptiLog selects candidates for special roles and holds faulty
replicas accountable to the reported measurements. For in-
stance, by using OptiLog’s sensors and monitors, OptiAware
can detect-and-mitigate performance attacks and maintain
optimal latency. Furthermore, we showcase how OptiTree
leverages OptiLog to find more performant configurations
and to stay optimized despite failures. In a global deployment,
OptiTree can select tree configurations with up to 39% lower
latency and achieve 2.5x of Kauri’s throughput. In particular,
the estimate on actual faults, provided by OptiLog, enables
OptiTree to balance performance and robustness.
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Notation Description

total number of replicas in the configuration

number of replicas in a quorum

number of failures tolerated

actual faults in the configuration

estimate on number of non-crash faults in the configuration
branching factor of the tree

the number of internal nodes

window length for sliding window mechanism

number of nodes from which the tree’s root collects votes
replicas

root node of a tree

intermediate node of a tree

&
o
S,

leaf node of a tree

leader node

anode in a triangle

a crashed node

sensor type 1

monitor type 1

the set of all n replicas

a configuration proposal

set of crashed replicas

set of provably faulty replicas

set of replicas that are candidates for special roles
suspicion graph

set of vertices in G

set of edges in G

quorum of nodes in a configuration
a tree

set of all intermediate nodes in a tree

B~k A SR he 3

set of all internal nodes in a tree

set of all leaf nodes in a tree

independent set of nodes

maximal set of disjoint nodes with two-way suspicions
set of nodes that form a triangle with two nodes in &4

NPTENZTTROIORNOTIHZILR

A-->B replica A suspects replica B

drnd expected round duration

dm expected delay from round start to message arrival
L.(A B) recorded latency between replicas A and B

Lq(A, B) actual latency between replicas A and B

Lagg (1) time to aggregate votes at intermediate node [
score(-) general score function

score(u,7) the minimum latency to collect votes from u + g nodes
L latency matrix

Lag latency matrix element between replicas A and B
[ multiplier used in timer calculations
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Figure 14. Tree latency (score) degradation as the number
of faulty nodes increase. Replicas are randomly distributed
across the world.
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A Notation
B Additional Results

B.1 Tree Robustness and Configuration Latency

When searching for a low-latency tree, one has to choose
between optimizing the latency for fault-free cases, or opti-
mizing the latency in presence of faults, resulting in a lower
bound for fault-free cases. OptiTree uses the parameter u
to create increasingly robust trees, optimizing for the la-
tency when u leafs become unresponsive. Recall that u is
the estimated number of non-crash faults provided by the
SuspicionMonitor. We achieve this by using score(k, 7) (see
§6.3) in simulated annealing.

We evaluated the cost of this overprovisioning, by varying
u from 5% to 30% of the tree size. Fig. 14 shows the best score
when applying simulated annealing with increasing u in
the score function. We use latency data for 220 cities from
WonderProxy [6]. With a tree size of 211, latency increases
by 54% when u is 30% of the tree size. We note that OptiTree
overprovisions only in the presence of adversarial omission
and timing faults, not for pure crash faults.

B.2 OptiTree Reconfiguration

We now evaluate OptiTree’s reconfiguration mechanism. We
consider a scenario with 21 Europe-based replicas, where the
root replica becomes faulty and triggers a reconfiguration

=
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Figure 15. Reconfiguration experiment with 21 replicas. The
root replica fails every 10 seconds, triggering a simulated
annealing search.
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every 10 seconds. To make reconfigurations more visible,
we do not process any payload, when recording suspicions
and searching for a new tree. Fig. 15 shows the through-
put observed by a non-faulty replica. We see that after one
second used for simulated annealing, throughput is recov-
ered. This experiment shows one of the main tradeoffs in
OptiTree. OptiTree achieves better configurations but incurs
higher reconfiguration latency than Kauri, when recovering
from failed configurations. In scenarios where all replicas
are equidistant with each other, alternatives like Kauri may
perform comparably or better.

C OptiLog Correctness

In this section, we prove correctness of the suspicions moni-
toring in OptiLog, as described in §4.2.3. We proof the fol-
lowing guarantees:

C1 There are always at least n — f candidates available in
K. (Lemma 1)

C2 If some correct replica does not commit a new pro-
posal on average, every J - d,4, a suspicion is raised.
(Lemma 2)

C3 After GST, any suspicion between two correct replicas
is filtered in the SuspicionMonitor. (Lemma 3)

These guarantees ensure that eventually (after GST) the
system performs at a steady pace. This pace can be optimized
by searching for a role assignment minimizing d,,4, within
the candidate set, as is done by our configuration sensor .

C1 - Sufficient Candidates. Lemma 1 ensures C1. This
is necessary to ensure that the system can always form a
new configuration.

Lemma 1. There are always at least n — f candidates avail-
able in K.

Proof. As described in §4.2.3, the SuspicionMonitor selects
the candidate set K as a maximum independent set in the
suspicion graph G. Note that, if all suspicions are caused by
faulty replicas, then the set of correct replicas is an indepen-
dent set of size n — f. If no independent set of size n — f can
be found, old suspicions are removed from G. m|

C2 - Suspicion are raised. Claims C2 (Lemma 2) ex-
presses that suspicions are raised, if the system does not
make progress as expected.

Table 2 repeats the conditions for the SuspicionSensor to
raise suspicions, as described in §4.2.3. We repeat it here for
better readability.

Table 2. Suspicion conditions in OptiLog

Condition for Suspicion Suspicion

(a) Proposal timestamps not within 8 - dynq (Stow, A-->L)
(b) No message m from B, § - dp,, after round start  (SLow, A--> B)
(c) False suspicion from B on A (FALsE, A--» B)

Hanish Gogada, Christian Berger, Leander Jehl, Hans P. Reiser, and Hein Meling

Lemma 2. If some correct replica does not complete a round,
every 0 - drpg, @ suspicion is raised.

Proof. Let A be a correct replica, that commits a proposal
in round r; after receiving messages my, ...my and let tf.’ be
the proposal timestamp of round r;. If any message m €
{my, ...my} is not received by A at most § - d,, after tf, then
the SuspicionSensor raises a suspicion following condition
(b). Additionally, the SuspicionSensor raises a suspicion (b)
if consecutive proposal timestamps are not within § - d;,4,
ie. if tfu - tf > 8 - dypg- Thus, if no suspicions are raised
by A proposal timestamps appear at least every § - d,,,4 and
rounds are finished timely after the proposal timestamp. O

We note that Claim C2 follows from Lemma 2 only for
protocols that commit a proposal in one round. This is the
case for PBFT based protocols. In HotStuff and derived pro-
tocols, like Kauri and OptiTree a proposal is not committed
in one round. Instead in steady operation in every round, the
proposal of a previous round is committed. Thus the claim

holds also here.

C3 - Filtered false suspicions. Lemma 3 proves C3, en-
suring that suspicions which are not filtered after GST are
useful.

Clearly, to avoid false suspicions between correct replicas
requires that timeout durations d,, and d, 4 are set correctly.
The timeout requirements listed as TR1-TR3 below give pre-
cise requirements for these timeouts. Below we argue how
these requirements are satisfied in OptiAware and OptiTree.

TR1 Let m be a message sent from the leader L to replica A
directly after creating the proposal. Then d,, is config-
ured correctly if: d,, = L, (L, A).

TR2 Let m be a message sent from replica A to replica B.
Then there exist an earlier message m’ sent to A, such
that dp, = dpy + Ly (A, B).

TR3 There exists a message m sent to the leader L, such
that dy,g = dp.

Example C.1. Timeouts in OptiAware: In OptiAware,
the timeout d,,, and d,,4 are set according to the timeout
requirements. Below we discuss how to set timeouts for
individual messages and the round timeout. We use message
types from the Aware (BFT-Smart) protocol, but also mention
equivalent types from PBFT.

e For a Propose message (Preprepare in PBFT) m,, dp, =
L,(L, A) and thus TR1 holds.

e Write messages in Aware (Prepare in PBFT) are sent
after receiving a Propose message. For a Write message
m,, from Ato B, dp, , = L, (L, A) + L, (A, B). Thus, TR2
holds for m,, with m’ = my,,.
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o Accept messages in Aware (Commit in PBFT) are sent
after receiving a quorum of Write messages. Thus, for
an Accept message m, sent by A to B, the following
equation holds, where quorums is the set of all quo-
rums of Write messages sent to A:

dm = min (max dmw) + L,(A, B)
q€quorums \m,,€q
Thus, TR2 holds for m, with m” being the write mes-
sage with the slowest expected duration, in the fastest
quorum of write message sent to A.

e Finally, in Aware, the round is concluded when the
leader L receives a quorum of Accept messages. Thus
the round duration d,,4 can be computed as follows:,
where quorums is the set of all quorums of Accept
messages sent to L:

dypg = min (max dma)
qEquorums \mg€q

Thus, TR3 holds with m’ being the accept message with

the slowest expected duration, in the fastest quorum

of accept messages sent to L.
We note that the d,,; developed above is the same as the
result of the score function defined by Aware. These timeouts
are used in OptiAware.

Lemma 3. If TR1 - TR3 hold, then after GST, any suspicion
between two correct replicas is filtered in the Suspicion-
Monitor.

Proof. The SuspicionMonitor filters suspicions as explained
in §4.2.3: For each round, the SuspicionMonitor retains only the
first suspicion, discarding suspicions from later protocol phases.
Additionally, if the leader raises suspicion for a message in
round i, suspicions against a delayed proposal timestamp in
round i + 1 are also filtered.
Assume that the latency between correct replicas A and B has
been measured and recorded in the latency matrix after GST.
According to our system model in §2, after GST, the latency
between A and B lies in the interval [L,(A, B),d - L,(A, B)].
Especially, for the recorded latency & - L,(A, B) < §- L, (A, B)
holds. Thus, any message m sent from A to B after GST, will
have a latency, less than § - L, (A, B). It follows from TR1 that
if A is the leader, a message m sent directly after the proposal
timestamp, will be received within § - L,(L, B) = § - dy,. For
other message, due to TR2, the expected message duration
for d, is set to L,(A, B) after another message m’. Thus, if
a suspicion B--» A is raised, based on a delayed message m,
A will also have raised a suspicion A --> C based on some
message m’ enabling sending m. Thus, suspicion B--» A will
be filtered.

If a correct leader L is suspected based on Condition (a)
in Table 2, the leader did not start a new round on time.

According to TR3 this means L did not receive a quorum of
messages in time. Thus, L will have raised a suspicion in the

previous round and the suspicion against L will be filtered.
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Finally, a correct replica A will only raise A--» B based on
Condition (c) in Table 2 if a suspicion B --> A was already
registered. If B is correct this suspicion B--> A will be filtered
and A--> B will not be raised. O

D OptiTree Correctness

In this section, we prove correctness properties for Opti-
Tree. We note that OptiTree uses a different version of the
SuspicionMonitor and computes the candidate set differently,
as explained in §6.4. We therefore need to prove C1 again
as CT1. Similarly, to show CT3, we have to show that the
timeout conditions TR1-TR3 hold for OptiTree. OptiTree
provides the following guarantees:

CT1 There are always enough candidates available to form
a tree. (Theorem D.1)

CT?2 If a tree configuration fails and the system reverts to a
star topology, sufficient suspicions will be recorded to
update the candidate set and invalidate the failed tree
configuration. (Lemma 4 & 5)

CT3 After GST, any suspicion between two correct replicas
is filtered in the SuspicionMonitor. (Lemma 6)

CT4 After GST, at most 2f reconfigurations are needed to
form a correct tree. Specifically, if t < f replicas are
faulty, at most 2t reconfigurations are needed. (Theo-
rem D.2)

CT1 - Sufficient Candidates. Faulty replicas can cast
suspicions on non-faulty replicas to exclude them from being
selected as internal nodes. However, OptiTree can continue
to form and reconfigure to new trees if there are enough
candidate replicas to select the internal nodes. The process
for selecting candidate internal nodes is detailed in §6.4. It
involves constructing &, from the suspicion graph G. The-
orem D.1 shows that enough candidate replicas are always
available to form a tree.

Theorem D.1. There are always enough candidate replicas
available for selecting the internal nodes to form a tree.

Proof. A tree configuration of size n > 3f + 1 with a branch
factor b < v/n requires at most y/n + 1 replicas as internal
nodes. As explained in §4.2.3, the graph G always contains
an independent set (IS) of at least n — f replicas. Then, we
construct &4 and 7 from G, where &, is a maximum set of
disjoint edges and 7 is a set of nodes that form a triangle
in G with an edge in &;. For any edge in &y, at most one
of the two vertices is in IS. Since &y is disjoint, each vertex
belongs to at most one edge in &;. Moreover, for any edge in
&y that forms a triangle in G, only one of the three vertices
forming the triangle can be in IS.

Due to the maximality of &4, any edge in &y can be part
of at most one triangle involving a replica in 7. Therefore,
if at most f replicas are outside IS, the number of vertices
in the independent set adjacent to edges in &4 or in 7™ is at
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most f. Consequently, the remaining replicas in IS (at least
f + 1) are available as candidates for internal nodes.

For n > 13, we have v/n < f, implying that for configura-
tion sizes of 13 and above, there are always enough candidate
replicas available for selecting internal nodes. O

CT2 - Suspicions are raised. It follows from Lemma 2,
that suspicions are raised if a tree configuration does not
collect votes in time. The following Lemmas show additional
properties on which suspicions are raised. This ensures that
the candidate set is updated and the failed tree configuration
is no longer valid. Additionally, we use the properties about
what suspicions are raised in the proof of Theorem D.2 to
show that after enough trees have failed, faulty replicas are
excluded from the candidate set.

Lemma 4. When a tree fails, either (1) one suspicion be-
tween internal nodes is raised, or (2) u + 1 leaves, not in C
get suspected.

Proof. A tree fails, if the replica at the root fails, or cannot
collect n — f votes in time. If the root fails, it is suspected
by other internal nodes, matching (1) from the Lemma. Oth-
erwise, the root waits for aggregates from internal nodes,
which together aggregate more than n — f + u votes. Thus,
there are two possibilities. Either at least u + 1 leaves are
missing and suspected by their parents, matching (2), or one
internal node is either missing or did send a faulty aggregate,
and is suspected by the root, matching (1). O

Lemma 5. If a tree failed, either: (i) |E,4| increases, or (ii)
|7| increases and |&]| stays unchanged.

Proof. All suspicions are added to the graph G. In case (1)
of Lemma 2, the new suspicion can be added to &; and 7~
remains unchanged. In case (2), u + 1 edges are added to G.
These new edges include u+1 different leaves from the failed
tree. These leaves, can be already adjacent to an edge in &4
or part of 7. There are three cases: a) one leaf was not part
of &g or 7. The new edge can be added to &, giving case (i)
of the Lemma. b) one leaf was part of 7. The new edge can
be added to &4 and |7| is reduced by 1, giving case (i) of the
Lemma. (3) all leaves are part of &g, but since |Ey4| < u, at
least two suspected leaves are already connected in &,. This
allows to either replace one edge in &; by two new ones, or
add a new node to 7. O

CT3 - Eventually no false suspicions. Lemma 6 proves
C3, ensuring that suspicions which are not filtered after GST
are useful.

Lemma 6. After GST, any suspicion between two correct
replicas is filtered in the SuspicionMonitor.

Proof. We need to show that the timeout requirements TR1
- TR3 hold for OptiTree. The Lemma then follows from
Lemma 3.
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We show that TR1 - TR3 hold by showing how the timeouts
(or durations) for the different messages are set. The different
messages in the tree are:

e Propose messages from the root R to the intermediate
nodes.

o Forwarded Propose messages from intermediate nodes
to the leaf nodes.

e Vote messages from the leaf nodes to the intermediate
nodes.

o Aggregated Vote messages from the intermediate nodes
to the root.

The message timeout d, for a Propose message from the
root is set to the latency of the used link, ensuring TR1.

Forwarded Propose messages are sent directly after receiv-
ing the Propose message and Vote messages are sent directly
after receiving a forwarded Propose. The message timeout
for these messages is set by simply adding the link latency to
the timeout of the previous message. Thus TR2 holds, since
for a Forwarded Propose message, m’ is the Propose mes-
sage, and for a Vote message, m’ is the Forwarded Propose
message.

An intermediate nodes I sends the Aggregated Vote mes-
sage after receiving Vote messages from all its children, or
after waiting for the timeout for all these Vote messages.
Thus, the timeout for the Aggregated Vote message is set
according to TR2, where m’ is the Vote message with largest
timeout.

Finally, we note that d,,4 is set according to TR3., where
quorums is the set My defined in the score function from
Definition 1 in §6.3.

We note that in OptiTree, we actually omit raising suspi-
cions on Forwarded Propose messages. The reason for this
is that, if the Vote message is delayed and the Leaf node is
suspected by the intermediate node, then the leaf node will
anyway reciprocate the suspicion. The intermediate node
cannot omit the suspicion, if the Vote is delayed, without
itself being suspected by the root. Additionally, when cal-
culating d,, for Vote messages, we set the timeout based
on when the Forwarded Propose was sent, rather than the
Proposal timestamp. O

CT4 - Limiting the number of reconfigurations. To
prove our main theorem, about the number of reconfigura-
tions needed to find a correct tree, we consider new subsets
8;‘ C &3, T"™ € 7,and C" C C which are added to the
respective sets after GST. Lemma 7 shows that the size of
these data-structures reflects the number of faulty replicas
removed from the candidate set. Lemma 5 shows that for any
two failed trees, the size of these data-structures increases by
at least one. Lemmas 9 and 10 show that other mechanisms
do not reduce the size. We denote the total size of these struc-
tures as t" = |C"| + |E]| + |7 "|. Remember that t < f is the
number of actually faulty replicas in the system.

Lemma 7. If t" = t, then a working configuration is found.
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Proof. After GST, no two correct replicas raise suspicions on
each other and all suspicions on correct replicas are recip-
rocated. Therefore, if a replica was added to C" it is indeed
faulty. Further, if a new edge was added to G, then at least
one of the adjacent replicas is faulty. Thus, for every edge
in 8;’, at least one of the adjacent nodes is faulty, and for
each triangle build from a replica in 7" and an edge in &7,
at least two of the adjacent replicas are faulty. Finally, for a
triangle in G containing a replica in 7" and an edge in &y
but not in &7, at least one of the adjacent replicas is faulty.
Thus " many faulty replicas have been removed from the
candidate set for internal nodes. O

Lemma 8. If a tree failed after GST, either: (i) |£]]| increases,
or (ii) |7"| increases and |E]| stays unchanged. Also, either
t’ increases, or t’ stays constant and 7" decreases.

This Lemma is a variation of Lemma 5 and the proof fol-
lows the same schema.

Proof. All suspicions are added to the graph G. In case (1)
of Lemma 2, the new suspicion can be added to 8; and T~
remains unchanged, increasing ¢'. In case (2), u+ 1 edges are
added to G. These new edges include u + 1 different leaves
from the failed tree. These leaves, can be already adjacent
to an edge in &, or part of 7. There are three cases: a) one
leaf was not part of &; or 7. The new edge can be added
to &) giving case (i) of the Lemma. b) one leaf was part of
7. The new edge can be added to & and |77, possibly also
|77"| is reduced by 1, giving case (ii) of the Lemma. In this
case, t’ stays constant. (3) all leaves are part of &, but since
|Ed| < u, at least two suspected leaves are already connected
in &y. This allows to either replace one edge in &, by two
in 82, or add a new node to 7". Also here ¢’ increases. O

If a new suspicion is raised between two nodes in G, it is
first treated as a two way suspicion and added to G. If no
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reciprocation happens during the next f + 1 views, then the
suspected replica is added to C. The next Lemma proves that
these changes do not decrease t'.

Lemma 9. If nodes are added to C due to not reciprocated
suspicions, this does not change t’, and does not increase
T

Proof. Clearly, if an edge is removed from &, then a replica
is added to C". In some cases the removal removing an edge
from &, causes that a replica is removed from 7" and instead,
anew edge is added to &]. Thus ¢’ does not change. O

All suspicions added after GST include at least one faulty
replica. Thus these suspicions leave an independent set of
n— f correct replicas. However, suspicions made before GST
may be successively removed after GST.

Lemma 10. If suspicions made before GST are discarded,
removing replicas from C, or removing edges from G, t’ does
not decrease, and 7" does not increase.

Proof. Clearly this does not reduce C" and &]]. However, if
an edge in &y is removed, it can be that a replica in 77" is
no longer part of a triangle. However, the replica in 7" is
adjacent to an edge added after GST. This edge can now be
added to &7, leaving ¢’ unchanged. O

Theorem D.2. After GST, OptiTree finds a working configu-
ration after at most 2t reconfigurations.

Proof. Based on Lemma 7, we only have to show that after
2t reconfigurations, ¢’ = t. According to Lemma 5, after a
reconfiguration, either ¢’ increases, or ¢’ stays constant and
T decreases. Since 7" can only decrease by k after 7" and
t have been increased by k. Thus at most ¢’ reconfigurations
can leave ' unchanged. O
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