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Abstract: To address the uncertainty and delayed event interference caused by master 
node failures when the state application is completed but the response has not yet returned 
in the Raft payment order service, this paper proposes a bounded consistent replay 
mechanism, Raft-BRR. This mechanism, based on order-level request identity, introduces 
external event version context, dual representation of historical results and current state, 
version fencing, and a two-level result lifecycle to maintain request semantics under 
limited storage conditions. Experiments were conducted on a three-node prototype, 
including post-application response loss, cross-master node retries, old version events, 
and window sensitivity. Results show that Raft-BRR achieves a median TRSR of 96.4% 
and 93.8% in F1 and F2 scenarios, respectively, a dual-state response integrity rate of 
95.7%, and zero old version event error acceptances. Compared to a strong idempotent 
caching baseline, its throughput decreases by 8.2%, and P95 latency increases by 19.5%. 
These results demonstrate that Raft-BRR can improve the interpretability and version 
security of the payment order state machine layer at a controllable resource cost. 

Introduction 

The digital payment order service connects transaction acceptance, channel processing, status 
callbacks, and exception compensation. After a payment request completes status application, the 
master node may exit before sending the response, making it impossible for the client to determine 
whether the original request has taken effect. When the client retryes with the new master node, if 
the system only regenerates the response based on the current state, the initial processing result may 
be replaced; if a late callback is still generated based on the old state, it may also push the order 
migration again. These types of problems usually do not cause Raft replica divergence, but they 
reduce the certainty of business results and increase the costs of compensation, reconciliation, and 
dispute resolution. 

State machine replication provides a fault-tolerant basis for distributed services by executing 
deterministic commands in the same order through multiple replicas. Existing research points out 
that the internal state recovery consistency does not mean that the external response semantics are 
also consistent, and the replay of requests and the return of results after a failure still need to be 
processed by the application layer [1]. Related studies have also analyzed the fault boundary and 
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liveness issues of replication services [2][3], and the research on composite state machines further 
illustrates that unified application semantics are needed between different state objects [4]. P-Raft 
and LRD-Raft improve the master node selection and log replication path respectively [5][6], but 
these methods mainly focus on consensus efficiency and cannot directly handle the historical results, 
subsequent states and late events of payment orders. 

Payment orders may simultaneously receive user requests, channel callbacks, compensation 
tasks, and timed events. Stable request identifiers and result caches can identify retries of the same 
request, but it is difficult to determine whether an event arriving with a new identifier is based on an 
expired state. Research on transactional state handling also shows that the system needs to 
coordinate duplicate messages, out-of-order events, and state recovery within a unified transaction 
boundary [7]. Long-term storage of complete results will also increase persistence and query 
overhead [8], while directly deleting records will lose summary conflict information. Research on 
payment protocols and payment networks further points out that confirmation results and failure 
retries will affect the judgment of transaction completion [9][10]. 

To address the aforementioned issues, this paper studies bounded consistent replay of "applied 
but not responded" requests for payment orders under Raft master node switching conditions. This 
paper does not modify the Raft election and log replication mechanisms, nor does it discuss end-to-
end exactly-once processing for third-party channels. The study constructs order-level request 
identities and external event version contexts, incorporating dual-state responses, version fencing, 
and two-level result lifecycles into a single process. Experiments examine post-application response 
loss, cross-master node retries, isolation of old version events, and changes in the replay window to 
evaluate request semantic guarantees and their resource costs. 

1. Definition of the Bounded Replay Problem for Payment Orders 

1.1 State Sets and Transition Constraints 

This paper abstracts the transfer processing status in the payment order service as an internal 
execution state of a state machine, without discussing account balance, settlement finality, and 
external channel side effects. RECEIVED, RESERVED, COMMITTED, and ABORTED 
correspond to Mojaloop FSPIOP TransferState; SETTLED is an order service state added in this 
paper for the settlement stage, used to indicate that the transfer has been submitted and subsequent 
settlement has been completed. This state is not part of the FSPIOP TransferState enumeration. The 
state set is defined as follows: 

𝑆𝑆 = {RECEIVED, RESERVED, COMMITTED, ABORTED, SETTLED} 
RECEIVED indicates the request has been accepted, RESERVED indicates payment resources 

have been reserved, COMMITTED indicates the transfer has been submitted, ABORTED indicates 
the request has been rejected or terminated, and SETTLED indicates the application layer's 
subsequent settlement has been completed. The state transition function is represented as follows: 

𝛿𝛿(𝑠𝑠, 𝑒𝑒, 𝑣𝑣, 𝑟𝑟,ℎ) → (𝑠𝑠′,𝑣𝑣′, 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟) 
In the formula, s and s′ represent the states before and after the migration, e represents the input 

event, v represents the order version observed when the event is generated, r represents the stable 
request identifier, and h represents the normalized payload summary. Research on fund transfer 
objects shows that the order of operations and legality constraints jointly affect the consistency of 
the distributed state, and the newly arrived event cannot be interpreted without the state conditions 
at the time of its generation [12]. Accordingly, this paper requires that the state change belongs to 
the set of legal migrations, ABORTED and SETTLED cannot be rolled back; when the same 
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request identifier corresponds to different summaries, the system must reject the request; when the 
event carries an expired version, the system must not advance the order. The relevant content is 
shown in Figure 1 and Table 1. 

 

Figure 1. Research boundary and constraint relationships of bounded consistent replay mechanism 

Table 1. Payment Order Status-Event-Version Decision Matrix 

Current status Input Events Request conditions Target state Output 

RECEIVED RESERVE Version consistent, new 
request RESERVED APPLY 

RECEIVED or 
RESERVED ABORT Version consistent, new 

request ABORTED APPLY 

RESERVED COMMIT Version consistent, new 
request COMMITTED APPLY 

COMMITTED SETTLE Version consistent, new 
request SETTLED APPLY 

any state Same request 
within window Abstract Consistency State 

unchanged REPLAY 

any state Full record or 
tombstone hit 

Same identifier, different 
summary 

State 
unchanged REQUEST_CONFLICT 

any state Same request for 
tombstone date 

Abstracts consistent, 
complete results have been 

cleaned 

State 
unchanged RESULT_EXPIRED 

any state New logo event Version expired State 
unchanged VERSION_CONFLICT 

any state external callback Version context missing State 
unchanged VERSION_UNKNOWN 

Final state Illegal follow-up 
incident any State 

unchanged ILLEGAL_TRANSITION 

1.2 Multi-subject identity requests and fault windows 

Payment orders may simultaneously receive user submissions, channel callbacks, compensation 
tasks, and timed events. Different entities cannot reliably share the same client session and locally 
incrementing sequence numbers; therefore, this paper uses order identifier, stable request_id, event 
type, expected_version, and payload_hash to jointly describe the request identity. The business 
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initiator generates the request_id and retains this identifier during retries; payload_hash is used to 
identify different content carried by the same identifier; expected_version records the order version 
observed at the time the event is generated. 

𝐼 = ⟨𝑜𝑜𝑟𝑟𝑑𝑒𝑒𝑟𝑟_𝑖𝑑, 𝑟𝑟𝑒𝑒𝑞𝑟𝑟𝑒𝑒𝑠𝑠𝑟𝑟_𝑖𝑑, 𝑒𝑒𝑣𝑣𝑒𝑒𝑛𝑟𝑟, 𝑒𝑒𝑥𝑒𝑒𝑒𝑒𝑐𝑐𝑟𝑟𝑒𝑒𝑑_𝑣𝑣𝑒𝑒𝑟𝑟𝑠𝑠𝑖𝑜𝑜𝑛, 𝑒𝑒𝑎𝑦𝑟𝑟𝑜𝑜𝑎𝑑_ℎ𝑎𝑠𝑠ℎ⟩ 
User requests and internal tasks directly read the order version upon creation. External channel 

callbacks typically do not carry the internal version; therefore, the adaptation layer saves the 
ObservedVersionContext with transferId and source_event_id as keys when issuing channel 
requests or registering pending events. Upon callback arrival, the adaptation layer restores 
expected_version based on the associated identifier; if the mapping is missing or expired, the 
system returns VERSION_UNKNOWN and does not use the current version for backfilling. This 
rule separates the replay of identical business requests from the handling of new identifiers for old 
events. 

The study sets up three core scenarios: F1, F2, and F3. F1 terminates the master node after the 
state machine completes the atomic application but before the response enters the sending queue, 
verifying whether the initial result has already been replicated. F2 retryes with the same global 
request_id and a new transmission session after a new master node is generated, verifying the 
continuity of results across master nodes. F3 first records the version at the time of event generation, 
then advances the order version with another event, and finally delivers the original event, verifying 
the isolation effect of the new identifier for the old event. Submissions that have not yet been 
applied, full node restarts, and snapshot installation interruptions are not included in this study's 
scenarios. 

1.3 Bounded Guarantees and Evaluation Attributes 

Let the logical time for the application to complete the request be , the client retry time be , and 
the result replay window be . The system guarantees accurate return of historical results only if the 
following formula is true: 

𝑡𝑡𝑟𝑟 − 𝑡𝑡𝑎𝑎 ≤ 𝑊𝑊𝑟𝑟 
Within the replay window, requests with the same identity and identical digests return the initial 

normalized result. After the complete result expires, compact tombstones continue to store the 
request identifier, digest, and application version; requests with the same identifier but different 
digests return REQUEST_CONFLICT, and requests with the same identifier and identical digests 
return RESULT_EXPIRED. After the tombstone expires, the system no longer provides request-
level result guarantees; order versions and valid migration rules are still responsible for preventing 
old commands from advancing to the next state. This paper validates three security properties: 
historical result determinism, single-event effective impact, and version isolation, and evaluates 
availability by the proportion of accurate replays completed within a given timeout. 

2. Bounded Consistent Replay Mechanism for Payment Orders 

2.1 Deterministic Commands and Atomic Applications 

This paper names the proposed mechanism Raft-BRR (Raft-based Bounded Result Replay). 
Client requests are normalized before being written to the Raft log as follows: 

𝐶𝐶 = ⟨𝑜𝑜, 𝑟𝑟, 𝑒𝑒, 𝑣𝑣,ℎ⟩ 
In the formula, o represents the order identifier, r represents the stable request identifier, e 

represents the payment event, v represents the expected version, and h represents the SHA-256 
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digest calculated after encoding the key fields in a fixed order. The digest does not contain local 
time, thread number, or node address, and the state machine does not read replica-private 
information. When the command application is committed, the order status, order version, complete 
result or tombstone metadata, and AppliedIndex are committed in the same bbolt write transaction. 
After the transaction is committed, the result takes effect at the application layer. 

Algorithm 1. Bounded Result Replay and Version Fencing for Payment Orders 

Require: command C = <o, r, e, v, h>; committed log index i; replicated epoch epoch; full-result window 
W_r; tombstone window W_t. 
Ensure: a deterministic response q and at most one effective order-state transition. 
1: F ← FullResult.lookup(r) 
2: if F ≠ ∅ then 
3: if F.order_id = o and F.payload_hash = h then 
4: q ← ComposeReplay(F.original_result, Order[o].state) 
5: else 
6: q ← REQUEST_CONFLICT 
7: end if 
8: AtomicCommit(AppliedIndex ← i) 
9: return q 
10: end if 
11: T ← Tombstone.lookup(r) 
12: if T ≠ ∅ then 
13: if T.order_id = o and T.payload_hash = h then 
14: q ← ⟨RESULT_EXPIRED, Order[o].state⟩ 
15: else 
16: q ← REQUEST_CONFLICT 
17: end if 
18: AtomicCommit(AppliedIndex ← i) 
19: return q 
20: end if 
21: (state, version) ← Order.read(o) 
22: if v = ⊥ then 

23: reason ← VERSION_UNKNOWN 
24: else if v ≠ version then 
25: reason ← VERSION_CONFLICT 
26: else if (state, e) ∉ T_state then 
27: reason ← ILLEGAL_TRANSITION 
28: else 
29: reason ← NONE 
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30: end if 
31: if reason ≠ NONE then 
32: q ← NormalizeReject(reason, state, version) 
33: R ← BuildFullResult(o, h, q, state, version, i, epoch + W_r, epoch + W_r + W_t) 
34: AtomicCommit(FullResult[r] ← R, AppliedIndex ← i) 
35: return ComposeResponse(q, state) 
36: end if 
37: (next_state, q) ← ApplyTransition(state, e) 
38: next_version ← version + 1 
39: R ← BuildFullResult(o, h, q, next_state, next_version, i, epoch + W_r, epoch + W_r + W_t) 
40: AtomicCommit(Order[o] ← ⟨next_state, next_version⟩, FullResult[r] ← R, AppliedIndex ← i) 
41: return ComposeResponse(q, next_state) 

 
Both complete results and tombstones are indexed by request_id. Conflicting requests must not 

overwrite existing digests, and rejected results are only recorded under the request's own identifier. 
Garbage collection commands and business commands are written to the Raft log together, so the 
log order determines the window boundaries: if the garbage collection command is applied first, the 
system returns RESULT_EXPIRED; if the retry command is applied first, the system still returns 
the complete historical results. 

2.2 Dual Representation of Historical Results and Current State 

The strongly generalized idempotent caching baseline stores the global request_id, payload_hash, 
and complete processing result, and adopts the same bounded lifecycle as Raft-BRR. Payment 
orders may continue to enter the SETTLED state after the initial COMMIT. If the system only 
returns the cached result, the client cannot obtain the latest order status; if the system only returns 
the current status, the initial semantics of the original request will be changed. Therefore, Raft-BRR 
defines the result record within the window as: 

𝐸𝐸(𝑟𝑟) = ⟨𝑜𝑜,ℎ, 𝑐𝑐𝑜𝑜𝑑𝑒𝑒, 𝑟𝑟𝑒𝑒𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟_𝑠𝑠𝑟𝑟𝑎𝑟𝑟𝑒𝑒, 𝑟𝑟𝑒𝑒𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟_𝑣𝑣𝑒𝑒𝑟𝑟𝑠𝑠𝑖𝑜𝑜𝑛, 𝑖𝑛𝑑𝑒𝑒𝑥, 𝑒𝑒𝑥𝑒𝑒𝑖𝑟𝑟𝑒𝑒_𝑒𝑒𝑒𝑒𝑜𝑜𝑐𝑐ℎ⟩ 
When the original COMMIT request is retried after the order has already entered the 

SETTLED state, the system returns: 
𝐸𝐸𝑒𝑒𝑠𝑠𝑒𝑒𝑜𝑜𝑛𝑠𝑠𝑒𝑒 = ⟨original_𝑟𝑟𝑒𝑒𝑠𝑠𝑟𝑟𝑟𝑟𝑟𝑟 = COMMITTED, 𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑒𝑒𝑛𝑟𝑟_𝑠𝑠𝑟𝑟𝑎𝑟𝑟𝑒𝑒 = SETTLED⟩ 

`original_result` retains the initial business result, while `current_state` provides the latest view 
of the order. This response neither modifies historical results nor misleads the client into believing 
that the order is still in the old state. The `index` is only used to associate the result with the state 
machine application location and does not serve as a long-term audit proof function. 

2.3 Replicable Lifecycle Management 

Raft-BRR uses a full result window (Wr) and a compact tombstone window (Wt) to manage the 
result lifecycle. The Wr stores the normalized response, result status, application version, and log 
index. Upon Wr expiration, the system compresses the record into a tombstone (request_id, 
order_id, payload_hash, applied_version, outcome_class, expire_epoch). The default Wt time is 24 
hours. The tombstone continues to identify digest conflicts and expired replays, but does not save 
the full response. Upon Wt expiration, the system deletes the tombstone, retaining only the order 
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status and version. 

𝐺𝐺𝐺𝐺(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐_𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ) 
The master node periodically commits the GC_FULL(cutoff_epoch) and 

GC_TOMBSTONE(cutoff_epoch) commands. All replicas are compressed and deleted in the same 
log order, without automatically eliminating replicas based on the local clock. For identical requests 
within Wr, the first result is returned; for identical requests between Wr and Wt, 
RESULT_EXPIRED is returned; outside of Wt, request-level conflict detection is no longer 
guaranteed. Commands carrying the old expected_version will still be rejected by version fences; 
therefore, result cleanup only changes the range of information that can be returned, not the 
conditions for legal state transitions. 

Let the number of complete results be Nr(Wr), the average record size be s̄r, the number of 
tombstones be Nt(Wt), and the average tombstone size be s̄t. Then the online replay metadata 
overhead is expressed as: 

M(Wr) = Nr(Wr) ⋅ s‾r 
This paper does not set up a permanent archive layer, nor does it study historical result queries 

beyond Wt. B2 and Raft-BRR use the same Wr and Wt to avoid lifecycle differences affecting the 
comparison. The main difference between the two methods is that Raft-BRR also saves order 
version, version context, and dual-state response fields. 

2.4 Version Fence 

Each change in valid status will cause the order version to monotonically increase: 

𝑣𝑣𝑡𝑡+1 = 𝑣𝑣𝑡𝑡 + 1 
After an order transitions from version 2 to version 3, late ABORTs generated based on version 

2 must return VERSION_CONFLICT even with a new request_id. If an external callback lacks an 
ObservedVersionContext, the system returns VERSION_UNKNOWN. Version fencing does not 
depend on whether the complete result or tombstones are still retained; therefore, two-level result 
cleanup does not weaken order state constraints. 

3 Research Methods 

3.1 Research Design and Workload 

This study employed controlled fault injection and parameter sensitivity experiments, using 
running sessions as paired blocks. Each method executed 2000 warm-up requests and 20,000 
metering requests per block. Five fixed random seeds (20260301, 20260317, 20260402, 20260419, 
and 20260507) were used, each running in three independent sessions, resulting in 15 paired blocks. 
Each method processed a total of 300,000 metering requests. Normal migration accounted for 60%, 
while F1, F2, and F3 accounted for 15%, 15%, and 10%, respectively. Event duration covered 24 
hours, with 70% of retry delays occurring within 1 minute, 20% between 1 and 10 minutes, 8% 
between 10 and 60 minutes, and 2% between 60 and 180 minutes. 

3.2 Comparison Methods and Experimental Environment 

B1 uses Raft and a valid transition matrix, handling retries only based on the current order state. 
B2 employs a strongly generic idempotent cache, storing a stable global request_id, payload_hash, 
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and complete result, and uses the same Wr/Wt lifecycle as Raft-BRR, but does not use order version, 
external version context, or dual-state responses. Raft-BRR adds order version fencing, 
ObservedVersionContext, and a dual representation of historical results and current state to B2. The 
mechanism components of the compared methods are shown in Table 2. 

Table 2. Mechanisms of the comparison methods 

mechanism B1 B2 Raft-BRR 
Legal state transition matrix √ √ √ 

Stable global request_id and digest — √ √ 
Full result cache — √ √ 

Compact tombstones and bounded elimination — √ √ 
Order version fence — — √ 

External event version context — — √ 
Historical Results - Current State (Dual Representation) — — √ 

 
The experimental prototype version is BRR-Proto 1.0.0, using Go 1.26.5, go.etcd.io/raft/v3 

v3.7.0, and go.etcd.io/bbolt v1.5.0. Three independent processes communicate via TCP loopback, 
with each node configured with an independent Raft WAL and bbolt file. The runtime environment 
is Ubuntu 24.04.4 LTS, Linux 6.8, 4 vCPUs, 16 GB of memory, and a general-purpose cloud SSD 
(3000 IOPS, 125 MB/s). The bbolt contains four buckets: order_state, full_result, 
request_tombstone, and meta. State, version, and result metadata are atomically committed with the 
AppliedIndex via a single Update transaction, with NoSync kept off. The median command payload 
is 384 bytes, reaching 512 bytes with P95. Each persistent batch contains a maximum of 32 log 
entries, or executes fdatasync after a 2 ms wait. The experiment settings were: ElectionTick=10, 
HeartbeatTick=1, MaxInflightMsgs=256, client concurrency was 64, and request timeout was 800 
ms; Wr was 30 min by default, Wt was fixed at 24 h, and the sensitivity experiment set Wr to 5, 30 
and 90 min. 

3.3 Indicators and Statistical Scope 

Error history replay rate (ERR) is defined as: 

𝐸𝐸𝐸𝐸𝐸𝐸 =
𝑁𝑁𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

𝑁𝑁𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
 

The Time-Limited Precision Replay Success Rate (TRSR) represents the percentage of requests 
that meet the window criteria to return their first result within 800 ms. 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 =
𝑁𝑁𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝑖𝑖𝑖𝑖 800𝑚𝑚𝑚𝑚

𝑁𝑁𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
 

The Old Version Event Error Acceptance Rate (SAER) represents the proportion of events 
carrying outdated versions that are incorrectly executed. 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =
𝑁𝑁𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

𝑁𝑁𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
 

Auxiliary metrics include dual-state response integrity rate, VERSION_UNKNOWN ratio, 
throughput, P95 latency, and storage scale per 10,000 online replay metadata records. F1 and F2 are 
calculated separately, without sharing a denominator. Only requests that actually hit the fault hook 
and meet the preconditions are included in the main analysis; replica non-convergence, state 
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abnormalities, or index errors caused by the tested method are all counted as failures. Ratios and 
performance metrics are calculated using 15 running sessions as the statistical unit, reporting the 
median, quartile range, and run-level pairings to the Bootstrap 95% range, with 10,000 resampling 
attempts. The main text does not treat requests within the same session as independent samples. 

3.4 Fault Coverage Boundary 

The F1 hook is located between the completion of the bbolt transaction commit and the writing 
of the response to the sending queue. After the hit, it sends SIGKILL to the main process. F2 uses 
the same commit point. After the new master node is generated, the system retryes with the same 
global request_id, the same payload_hash and a new transmission session. F3 writes to the 
ObservedVersionContext when the event is generated. After another event completes the version 
advancement, the original event is delivered. The failure time is driven by a fixed seed. The 
experiment records the term, index, request_id, application time and response time. The experiment 
does not cover persistent network partitions, random packet loss, slow disk writes and long GC 
pauses. Chaos engineering is only used as a supplement to external validity[11]. 

4. Research Results 

4.1 F1: Response lost after application 

The 15 runs generated a total of 45,000 F1 candidate requests, of which 43,614 completed 
atomic applications and hit the pre-response fault window. B1, B2, and Raft-BRR returned 30,651, 
42,043, and 41,987 first results precisely within 800 ms, respectively, with median TRSRs of 70.5%, 
96.5%, and 96.4%, and quartile ranges of 69.1%–71.6%, 95.9%–97.0%, and 95.7%–96.9%, 
respectively. 

The difference in operational level between Raft-BRR and B2 was −0.12 percentage points, with 
a 95% range of −0.27 to 0.04 percentage points. Among requests that had already returned 
responses, neither B2 nor Raft-BRR observed replay of erroneous historical results; B1 had 12,284 
responses inconsistent with the initial results, and no secondary state transitions caused by the same 
requests occurred[13-14]. 

4.2 F2: Retry across master nodes 

The 15 runs generated a total of 45,000 F2 candidate requests, of which 43,187 were included in 
the statistics after the new master node was generated. B1, B2, and Raft-BRR returned 29,280, 
40,542, and 40,542 exact results, respectively, with median TRSRs of 67.6%, 94.1%, and 93.8%, 
and quartile ranges of 66.5%–69.2%, 93.0%–94.8%, and 92.8%–95.2%, respectively. 

The average difference in operational level between Raft-BRR and B2 is 0.00 percentage points, 
with a 95% range of −0.15 to 0.15 percentage points. Of the 16,942 requests that continued to 
evolve after the initial result, Raft-BRR returned both the historical result and the current status 
within 800 ms in 16,210 requests, with a median dual-state response completeness rate of 95.7% 
and an quartile range of 94.8% to 96.4%. B2 only returns the historical result, while B1 only returns 
the current status[15-16]. 

4.3 Event Isolation in Previous Versions 

Each method received 30,000 events carrying expired versions and using the new request_id. B1 
and B2 incorrectly received 900 and 802 events respectively, with median SAERs of 3.0% and 
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2.7%, and interquartile ranges of 2.7%–3.4% and 2.3%–3.1%, respectively[17]. 
Raft-BRR did not observe any older version events being accepted. Of these, 29,748 events 

returned VERSION_CONFLICT, and 252 returned VERSION_UNKNOWN due to missing or 
expired ObservedVersionContext. The median proportion of VERSION_UNKNOWN events was 
0.8%, with an interquartile range of 0.6%–1.1%. No replica state divergence was observed in any of 
the three methods. 

4.4 Replay Window Sensitivity 

When Wr was set to 5, 30 and 90 min respectively, the median F1/F2 combined TRSR of Raft-
BRR was 87.6%, 95.1% and 95.9% respectively, and the interquartile ranges were 85.9%–89.8%, 
94.1%–95.9% and 95.0%–96.6% respectively. 

Under the three window types, the storage size per 10,000 online replay metadata entries was 
0.93, 3.18, and 8.54 MB, respectively; the median throughput was 1249, 1215, and 1186 req/s, 
respectively; and the P95 latency was 18.9, 19.8, and 20.9 ms, respectively. When Wr increased 
from 5 min to 30 min, TRSR improved by 7.5 percentage points; when Wr increased from 30 min 
to 90 min, TRSR improved by 0.8 percentage points. 

No differences in the replica result index were observed under any of the three window settings. 
The number of failures in compressing the complete result to the tombstone was 2, 3, and 4, 
respectively, and the relevant batches were retried in the next GC command. The result coverage 
and online replay metadata scale under different replay windows are shown in Figure 2. 

 

Figure 2. Result coverage and online replay metadata scale under different replay windows. 

4.5 Performance Cost 

With default Wr=30 min and Wt=24 h, the median throughput of B1, B2, and Raft-BRR is 1425, 
1333, and 1215 req/s, respectively, with quartile ranges of 1382–1458, 1301–1365, and 1197–1245 
req/s. The average run-level reduction of Raft-BRR relative to B2 is 8.2%, with a 95% range of 
7.7%–8.6%. 

The median P95 latency for the three methods were 15.1, 16.7, and 19.8 ms, respectively. The 
average performance increase of Raft-BRR over B2 was 19.5%, with a 95% accuracy range of 
17.9%–21.0%. The throughput and latency differences in the 15 operating groups showed some 
fluctuation, and Raft-BRR did not demonstrate a performance advantage. The main experimental 
results are shown in Table 3. 
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Table 3 Main Experimental Results 

index B1 B2 Raft-BRR 
F1-TRSR median/% 70.5 96.5 96.4 

F2-TRSR median / % 67.6 94.1 93.8 
ERR/% Approximately 29.0 0 0 

Dual-state response integrity rate / % — — 95.7 
SAER median/% 3.0 2.7 0 

VERSION_UNKNOWN/% — — 0.8 
Median throughput / (req/s) 1425 1333 1215 

P95 latency/ms 15.1 16.7 19.8 
Online replay metadata (MB/10,000 records) — 2.41 3.18 

5. Discussion 

Experimental results show that a strongly generalized idempotent cache can handle duplicate 
submissions of the same request quite well, and Raft-BRR has not established a stable advantage in 
accurate result replay rate. Therefore, the contribution of the proposed method is not to improve 
Raft consensus performance, nor to redesign the duplicate request cache. Raft-BRR focuses on how 
the system can simultaneously retain the initial processing result and the current state as payment 
orders continue to evolve, and how late events arriving with new identifiers are constrained by the 
original state conditions. These results demonstrate that consensus logs can unify command order, 
but the interpretation of payment order results still requires application-layer semantic support. 

The main difference between B2 and Raft-BRR lies in the scope of event recognition. B2 can 
identify recorded duplicate requests, but it cannot determine whether a new request originates from 
an expired order status. Raft-BRR supplements this judgment with order version and external event 
context, ensuring that late events are checked before state transition. Some events return 
VERSION_UNKNOWN due to missing version context, indicating that the mechanism does not 
assume all callback information is always complete. Rejecting unacknowledged events reduces the 
risk of erroneous transitions, but also incurs some availability loss. This phenomenon demonstrates 
that version security depends not only on state machine rules but also on the quality of event 
association information stored by the channel adaptation layer. 

Replay window experiments show a clear trade-off between result coverage and online state size. 
Extending the retention time beyond the main retry period only yields limited replay benefits, while 
metadata size and tail latency still increase. Therefore, result records are not suitable for long-term 
storage in Raft hot states; the window length should be determined based on the actual retry 
distribution, order processing cycle, and storage budget. For services where requests are inherently 
idempotent, do not require simultaneous return of historical results and current state, and where late 
events are controlled by other rules, B2 can meet the requirements at a lower cost. 

This study is still limited by the experimental environment and the scope of failures. A three-
process loopback network and a single cloud SSD cannot reflect cross-server communication, 
persistent network partitioning, long disk tails, and GC pauses. Deterministic failure hooks can 
accurately hit the "applied but not responded" window, but cannot replace random failures and 
long-term load testing. The current version context still relies on transferId and source_event_id to 
maintain event association; missing information in cross-channel links may affect request 
availability. Future research should incorporate random process termination, network latency, 
packet loss, and disk disturbances in a physical multi-node environment, and use real payment retry 
data to verify the configuration relationships between replay windows, tombstone cycles, and 
external archiving. 
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6. Conclusion 

This paper addresses the issue of payment requests failing to receive a response after state 
application has been completed following a Raft master node switchover, proposing a Raft-BRR 
bounded consistent replay mechanism. Research results show that a strongly generalized 
idempotent cache can maintain a high accurate replay rate. The main value of Raft-BRR lies in 
utilizing order versions and dual-state responses to handle subsequent order evolution and new 
identifiers for old events. The two-level result lifecycle further defines the timeframe for result 
guarantees, clearly defining the boundaries between digest conflict detection, state safety, and 
storage scale. This mechanism trades certain throughput and tail latency for interpretable semantics 
of payment order requests, making it suitable for order services with complex callback sources, 
continuously evolving states, and the need to distinguish between historical results and the current 
state. 
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