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Abstract—Fault tolerance plays a critical role in achieving high
reliability in stateful stream computing systems. Approximate
fault tolerance reduces state backup and failure recovery costs by
allowing controlled output errors. However, existing approximate
fault tolerance methods lack quantitative modeling of error
propagation across operators and runtime feedback regula-
tion, resulting in limited adaptability to error fluctuations. To
overcome these limitations, we propose Fd-Stream, a feedback-
driven approximate fault tolerance framework with three key
components: (1) an anchor-guided global error estimation method
that obtains global output errors through anchor sampling and
continuously tracks runtime accuracy variations without requir-
ing full exact comparisons; (2) a differentiated sampling-rate
control mechanism that dynamically adjusts the backup sampling
rates of stateful operators based on global error feedback and
operator importance, reducing redundant backup overhead when
the error remains within a safe range; (3) a feedback-assisted
approximate state recovery strategy that rapidly reconstructs
operator states after failures, avoiding costly full-state recovery
and data replay. We implement Fd-Stream on Apache Storm and
evaluate its effectiveness through extensive experiments. Results
show that Fd-Stream reduces failure recovery latency by up to
59.03% and memory utilization by up to 29.71% compared with
state-of-the-art methods.

Index Terms—feedback-driven, approximate fault tolerance,
stateful operator, stream computing

I. INTRODUCTION

Stream computing systems have become essential infras-
tructure for latency-sensitive applications such as online ad-
vertising and financial risk control [1], [2]. To support stateful
operations such as window aggregation and join queries, these
systems continuously maintain and update large amounts of
operator state during execution [3], [4]. However, failures
caused by process crashes, network anomalies, and resource
contention, failures may occur during system execution, caus-
ing the loss or inconsistency of in-memory operator states,
which in turn leads to result errors and service interrup-
tions [5]. To address this challenge, many studies have investi-
gated fault tolerance techniques for stream processing, aiming
to recover or reconstruct operator states after failures and to
ensure output reliability, state recoverability, and continuous
service availability [6].

Existing fault tolerance methods for stream computing sys-
tems mainly rely on strongly consistent recovery techniques,
including state checkpointing, active backup, and data re-
play [7], [8]. These methods restore the system to a con-
sistent state after failures by periodically persisting operator
states, recording input data lineage, or maintaining redundant
execution replicas, while providing processing semantics such
as exactly-once or at-least-once guarantees [9]. However, they
often incur substantial runtime and recovery overheads. Specif-
ically, state checkpointing increases the costs of serialization,
storage, and network transmission; active backup continuously
consumes additional computing resources; and data replay
during recovery may cause queue congestion and prolonged
recovery latency [10], [11]. In high-throughput and state-heavy
scenarios, such overheads can significantly reduce the real-
time processing capability of the system.

Approximate fault tolerance provides a lightweight alter-
native to strongly consistent fault tolerance [12], [13]. By
allowing bounded output errors, it reduces the costs of state
persistence and failure recovery through sampled backup and
approximate state recovery [14]. As a result, it is particularly
suitable for applications that place greater emphasis on result
timeliness [15]. However, existing approximate fault tolerance
methods still face two key challenges: (1) they lack a low-
cost mechanism for observing global output errors, making
it difficult to promptly capture runtime accuracy changes and
incorporate them back into fault tolerance decisions; and (2)
they lack a dynamic sampling-rate control mechanism that
accounts for the heterogeneity of stateful operators, making
it difficult to allocate backup resources according to operator
importance and error propagation impact. As a result, these
methods cannot effectively suppress error fluctuations under
failures or workload changes. They may also lead to insuffi-
cient protection for operators that have a large impact on the
final output (critical operators), while introducing redundant
backups for operators with relatively small impact on the final
output (marginal operators).

To address these limitations, we proposes Fd-Stream, a
feedback-driven approximate fault tolerance framework for
stateful stream computing. Fd-Stream senses global output



errors through anchor sampling, dynamically adjusts backup
sampling rates based on operator importance, and rapidly
reconstructs states from approximate backups after failures.
In this way, it reduces fault tolerance overhead and recovery
latency while keeping output errors under control. The main
contributions of this paper are as follows:

o An anchor-guided global error estimation method is pro-
posed to estimate the global mean relative error at low
cost by maintaining the exact and approximate values of a
small number of anchor keys, thereby providing runtime
observation signals for feedback regulation.

o A differentiated sampling-rate control mechanism is pro-
posed to dynamically adjust the backup sampling rates
of stateful operators by combining global error feedback
with operator importance, reducing redundant backup
overhead for marginal operators while preserving the
accuracy of critical operators.

o A feedback-assisted approximate state recovery strategy
is proposed to rapidly restore the states of failed op-
erators from approximate backups and compensate for
recovery deviations through subsequent feedback regula-
tion, thereby avoiding costly full-state recovery and data
replay.

The rest of this paper is organized as follows: Section II
reviews related work. Section III introduces the system models
and problem formulation. Section IV describes Fd-Stream’s
architecture and algorithms. Section V evaluates the perfor-
mance. Finally, Section VI concludes the paper and discusses
future directions.

II. RELATED WORK
A. Fault Tolerance Methods

Many studies have focused on strongly consistent fault tol-
erance, among which checkpointing is one of the most widely
used approaches. For example, Optimizing Checkpoint-Based
Fault Tolerance [14] studies the impact of checkpoint intervals
on system utilization and latency. DACM [10] dynamically
adjusts checkpoint intervals through reinforcement learning,
while Checkmate [16] compares the performance of coor-
dinated, uncoordinated, and communication-induced check-
pointing protocols under different workloads. A-FP4S [11]
partitions state into fragments and restores them in parallel
to reduce large-scale state recovery latency. Trisk [17] and
DRRS [6] focus on reducing the impact of state migration on
online processing. These methods improve the availability of
stream computing systems during failure recovery. However,
most of them still rely on exact state recovery and do not relax
exact recovery semantics to reduce state backup costs.

B. Approximate Fault Tolerance

Approximate fault tolerance reduces state backup and failure
recovery costs by allowing controlled output errors. AF-
Stream [12] performs backups only when the deviation of
states or data items exceeds a predefined threshold, thereby
achieving a trade-off between performance and post-failure ac-
curacy while providing bounded error guarantees. WAFP [18]

TABLE I

COMPARISON OF RELATED METHODS AND FD-STREAM.

Method Priority Dimensions
Global feedback  Operator awareness

DRRS [6] Timeliness v X
DACM [10] Accuracy v X
A-FP4S [11] Timeliness X v
AF-Stream [12] Timeliness v X
Checkmate [16] Accuracy X X
Fd-Stream (Ours)  Timeliness v v

dynamically generates approximate backup ratios according to
task input/output rates and backup overhead, so as to reduce
fault tolerance latency under a given output accuracy con-
straint. Local Recovery and Partial Snapshot [19] decomposes
a global snapshot into regional snapshots and restores only the
affected subset of operators after a failure, thereby reducing
the dependency and pause overhead caused by global recovery.

Despite their effectiveness, existing approximate fault toler-
ance methods still have two limitations. First, they generally
lack a lightweight mechanism for estimating global output
error at runtime, making it difficult to directly use output
accuracy as a feedback signal for fault tolerance regulation.
Second, they lack operator-aware control that jointly considers
error propagation impact and resource cost when allocating
backup resources. Motivated by these limitations, we propose
Fd-Stream. By estimating runtime global error through anchor
sampling and dynamically adjusting backup sampling rates
based on operator importance, Fd-Stream achieves a balance
between output accuracy and fault tolerance overhead. Table I
summarizes the differences between Fd-Stream and related
approaches.

III. SYSTEM MODEL AND PROBLEM FORMULATION
A. System Model

Operator state model. A stream application can be repre-
sented as a directed acyclic graph (DAG) G = {V(G), E(G)},
where V(G) = {wv;|i € [1,n]} denotes the set of operators
that represent specific processing logic, including both stateful
operators V;(G) and stateless operators V,(G). E(G) =
{ei;li,7 € [1,n],i # j} denotes the set of edges that represent
data transmission between operators. Operator state refers to
the intermediate computation results maintained by a stateful
operator to support continuous stream processing.

For any stateful operator v; € V;, assume that its internal
state at time ¢ is denoted as STy, (t), and its state update
function is denoted as fu,(-). At time ¢t € W, a user-defined
time window, operator v; continuously updates its state as
input tuples arrive. For arriving tuples 7 at time ¢, € W,
the state update of operator v; is shown in Eq. (1):

STvz‘(tk) = fUP(STvi(tkfl)aTk)a (D

where t;_; € W denotes the previous time point of ¢j.
State recovery model. Stateful operators are typically de-

ployed as parallel instances across different computing nodes.

If a computing node hosting operator v; fails at time ¢, the



true in-memory state ST (t;) maintained by that operator
v; may be lost. If a strongly consistent recovery method
is used, it usually involves several stages, including failure
detection, task restart, state loading, and data replay, and the
total recovery time Tiy, of operator v; can be calculated by
Eq. (2):

T = AT+ A+ AL+ AT @

where At{?, At Ats' and Atd" denote the latency of
failure detection, task restart, state loading, and data replay,
respectively. In contrast, approximate fault tolerance directly
restores state from approximate backups, avoiding the time
overhead caused by complete state loading and historical data
replay.

Approximate state refers to an approximate representation
of the complete operator state, obtained by selectively backing
up part of the state information instead of preserving the full
exact state. Approximate state recovery reads the approximate
state SATUi (ty) from external storage and resumes execution
based on it, thereby reducing state recovery latency. However,
approximate recovery introduces a deviation €,,(t7) between
the recovered state and the true state before the failure, as
described in Eq. (3):

€v; (tf) = fdlff(ST;, (tf)v SATvq (tf))v 3)

where fqier(-) denotes the state difference metric function. This
local recovery error propagates downstream operators along
the data transmission direction and affects the final output
results. We use output impact degree O(v;) to quantify the
potential influence of the local state error of operator v; on
the final outputs after error propagation through downstream
paths.

B. Problem Formulation

Operator importance. State size, topological position, and
runtime workload vary significantly across operators. Fd-
Stream measures the importance of all stateful operators based
on output impact degree, structural dependency, and runtime
overhead, so as to identify critical operators and marginal
operators. Let Vi, € V(G) denote the set of terminal op-
erators, ds(v;) denote the set of downstream operators of v;,
and ¢ € (0, 1) denote the spatial decay factor. Then, the output
impact degree O(v;) can be calculated by Eq. (4):

1, v; € Vier,

O(v;) = 4
() {Zvjeds(vi)é'O(Uj), otherwise. @
O(v;) indicates that the closer operator v; is to the output end
and the larger its downstream influence range is, the more

likely its local error is to affect the final results.
The structural dependency degree D(v;) describes the con-
vergence and distribution roles of operator v; in the stream

application, as shown in Eq. (5):

D(Uz) = Win * Din(vz) + Wout * Dout(vi)a (5)

where D;,,(v;) and D,y:(v;) denote the in-degree and out-
degree of v;, respectively, i.e., the number of incoming edges

from upstream operators and outgoing edges to downstream
operators. w;, and wy,; are weight parameters. A larger
win emphasizes operators that aggregate inputs from multiple
upstream operators, while a larger w,,; emphasizes operators
that distribute outputs to multiple downstream operators. The
runtime cost C(v;) describe the current resource pressure
of operator v; through CPU utilization Ugpy(v;), memory
utilization Upem(v;), and I/O utilization Uj,(v;), as shown in
Eq. (6):

C(Ui) = UCPU(vi) + Umem(vi) + Uio(vi). (6)

Since the three metrics have different dimensions, Fd-
Stream applies min-max normalization to each metric. For any
metric X (v;) € {O(v;), D(v;), C(v;)}, the normalized value
can be calculated by Eq. (7):

(o) = X(v;) — min,, ev, X (vj)

. (7
max,, ey, X (vj) — min,, ey, X (v;) + €’
where € is a small constant to avoid division by zero. Subse-
quently, the importance I(v;) of operator v; can be calculated

by Eq. (8):
I(v;) = O(v;) + D(v;) + C(v5). (8)

A larger I(v;) indicates that the operator v; has a greater
impact on global output accuracy or recovery overhead (crit-
ical operator). Therefore, when the global error exceeds a
user-defined threshold, critical operators backup sampling rate
should be increased with higher priority. Conversely, for
marginal operators, the backup sampling rate can be preferen-
tially reduced to release redundant overhead.

Error propagation. Sampled backup means that operator
v; writes only selected state updates to external backup storage
according to its backup sampling rate 7,,. In approximate
fault tolerance, sampled backup introduces the state deviation
of an individual stateful operator (local state errors). For any
stateful operator v;, let NV,,, denote the total number of unit
state updates generated by input tuples within the time window
W, and let r,, denote the backup sampling rate of v;. Then,
the variance of the approximate state estimator Varjocy (ST5,;)
recovered from sampled backup can be calculated by Eq. (9):

Varioea (ST,,) = N, (: - 1) . ©)
Local errors do not remain confined within a single operator,
but continue to propagate along the data flow. Let us(v;)
denote the set of upstream operators of operator v;, and let
Gv; () denote the state computation function of v;. Then, the
state of v; can be abstracted as a function of its upstream
states. According to the first-order error propagation approx-
imation [20], the accumulated error variance Var (STy,) at
v; can be calculated by Eq. (10):
Vartotal(Sﬂ; ) ~ Z ( agj )2 Vartolal(sﬂ) )
’ vi€us(vy) aSTv‘ '

+ Varjocal (Sij )7

(10)



where the first term represents the accumulated impact of
upstream errors after being propagated to the current operator
v;. For each upstream operator v;, Varyoq;(ST,,) denotes its
accumulated error variance, and 3 Sg’ﬁ denotes the sensitivity
of v;’s state computation to the state variation of v;. Thus, this
partial derivative can be regarded as the error amplification
coefficient along edge e; ;. The second term Varioey (ST, )
denotes the local state error introduced by the sampled backup

of v; itself.

IV. FD-STREAM: ARCHITECTURE AND ALGORITHMS
A. System Architecture

Fd-Stream is built on Apache Storm, one of the mainstream
stream computing systems. Fd-Stream’s system architecture
is shown in Fig. 1. After the user submits a topology
to the system, Nimbus is responsible for task assignment,
resource scheduling, and task reassignment after failures,
while ZooKeeper is responsible for cluster state coordination,
heartbeat monitoring, and failure detection. Feedback-driven
approximate fault tolerance consists of three main modules:
Global error estimation, Sampling-rate control and Approxi-
mate state recovery.

B I

Feedback-driven fault tolerance
Nimbus  |e—l ~ |
: Global error estimation |
- |
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Fig. 1. Fd-Stream’s architecture.

Global error estimation selects a small number of anchor
keys from the input stream by a deterministic hash rule and
maintains two views containing the exact and approximate re-
sults of these anchor keys: the exact view and the approximate
view. The system compares the relative deviation between the
two views, thereby estimating the global output error.

Sampling rate control performs differentiated adjustment
based on error feedback and operator importance. It adjusts
the sampling rates of critical and marginal operators differently
according to different error feedback, thereby balancing output
accuracy and backup overhead.

Approximate state recovery module reads the sampled
backup state of the failed operators from the external database

and uses it as the initial state. Subsequently, the system reduces
the impact of the approximately recovered state on the final
output error through feedback regulation.

B. Anchor-Guided Global Error Estimation

To avoid the computation and storage overheads introduced
by exact comparison over all operator states, Fd-Stream de-
signs an anchor-guided global error estimation method, which
estimates the current global output error of the system at low
cost. Specifically, Fd-Stream computes a deterministic hash
value h(a) for each input key a and normalizes it to [0, 1).
If h(a) < p, the key is selected as an anchor key, where p
denotes the anchor sampling ratio.

For these anchor keys, the system maintains two views
simultaneously: a exact view M™*, which records the true
results of the anchor keys, and an approximate view M, which
records the approximate results produced by the sampled-
backup of the approximate fault tolerance. A feedback period
refers to the time interval between two consecutive rounds of
global error estimation and sampling rate adjustment. At the
end of each feedback period, the terminal operators compares
the results of the same anchor keys in the two views and
calculates the global mean relative error F(k), as shown in

Eq. (11): v |
Z Ya — Ynh

a€Ay ya

B = 141

Y

where a denote an anchor key, and Ay represent the anchor
set in the k-th feedback period. y, and y are the approximate
value and true value of a, respectively. Since the anchor set
is much smaller than the full state size of a stream topology,
this method estimates the runtime output error of the current
topology with low overhead and provides the feedback signal
for subsequent differentiated sampling-rate control.

C. Differentiated Sampling-Rate Control

The backup sampling rate of an operator determines the
proportion of its state written to external backup storage.
A higher sampling rate enables the recovered state after a
failure to be closer to the true state, but it also incurs higher
serialization, network transmission, and storage overheads. A
lower sampling rate reduces system overhead, but it may
increase recovery errors. Therefore, Fd-Stream dynamically
adjusts the backup sampling rates of different stateful operators
according to runtime error variations.

Let the estimated global output error of the stream topology
in the k-th feedback period be E(k), and let the user-
defined maximum error threshold be E,,,,. To avoid frequent
sampling-rate updates caused by small error fluctuations, Fd-
Stream defines a hold region [ FEaz, Frmaz], Where 0 < p <
1. When the error lies within the hold region, the system keeps
the current sampling rate unchanged; when the error exceeds
E\qz, the system increases the sampling rate to strengthen
state protection; and when the error falls below puFE,,qq,
the system reduces the sampling rates of marginal operators
to release redundant backup resources. The corresponding



sampling-rate adjustment step AU(k) can be calculated by
Eq. (12):

Ky (B (k) -
AU(k) = 0,
_/67

Emax) + B,  E(k) > Euax,
,U/Emax S E(k) S Emax>

E(k‘) < pEmax.

12)
where K, denotes the proportional gain coefficient, and 3
denotes the base adjustment step size. Applying a uniform
adjustment to all operators solely according to AU (k) would
ignore operator differences. Therefore, Fd-Stream incorporates
operator importance I (v;) for differentiated control. Let 7, (k)
denote the backup sampling rate of operator v; in the k-th
period. The updated sampling rate can be calculated by Eq.
(13):

T, (k +1) = clip(ry, (k) + i (k) - AU(K), Pmin, Tmax), (13)

where 7,,;, and 7,,,, denote the lower and upper bounds of
the sampling rate, respectively. The function clip(-) is used to
restrict the sampling rate within the range [rmin, "maz),» and
a;(k) denotes the adjustment weight assigned to operator v;
in the current feedback period.

Fd-Stream determines «;(k) according to the regulation
region. When E(k) > FEq2, the system selects critical oper-
ators in descending order of operator importance and assigns
them higher adjustment weights, so that the positive step size
is preferentially applied to operators with greater impact on
the global error, thereby accelerating error convergence. When
E(k) < ptEmas. the system selects marginal operators in
ascending order of operator importance and decreases their
sampling rates to reduce the redundant backup overhead of
operators with limited impact on output errors. When the
error lies within the hold region, the adjustment weights of
all operators are set to 0, and the system does not update the
sampling rates.

Through the above mechanism, Fd-Stream maps global
error feedback to operator-level sampling-rate adjustment. On
the one hand, when the estimated global error E (k) exceeds
the user-defined maximum tolerable error threshold FE,,,.,
critical operators are protected with higher priority to suppress
further error propagation. On the other hand, When E(kz) falls
below the lower bound pF,,,, of the hold region, backup
resources of marginal operators are preferentially released by
decreasing their sampling rates. In this way, Fd-Stream dynam-
ically balances output accuracy and fault-tolerance overhead.

D. Feedback-Assisted Approximate State Recovery

To avoid the high recovery latency caused by loading
complete state and replaying historical data, we proposed a
feedback-assisted approximate state recovery. Assume that a
stateful operator v; fails at time ¢y, and its true in-memory
state STy (tr) is lost. Fd-Stream reads the approximate backup
state SATW (tf) of this operator from external storage and uses
it as the recovered initial state: ST, (tyec) < ST, (tf), where
trec denotes the time when the operator completes recovery.

Let R = {r,, | v; € Vi} denote the backup sampling rate
configuration of all stateful operators in the current stream
topology, where r,, represents the backup sampling rate of
stateful operator v;. R’ denotes the updated sampling rate
configuration obtained after feedback regulation.

To reduce the impact of the deviation between the approx-
imate recovered state and the pre-failure true state on final
topology outputs, Fd-Stream performs feedback regulation af-
ter the operator resumes execution. Here, feedback regulation
refers to using the estimated global error E(k) to trigger
differentiated sampling-rate control and update the sampling-
rate configuration R’. This allows newly arriving data to
update the state under the adjusted backup configuration,
thereby gradually reducing the impact of recovery deviations.

Algorithm 1: Feedback-assisted approximate state re-
covery.

Input: Operator v;, current time ¢, failure time ¢y,
backup storage B, initial protection window
Tinit, upper bound of the sampling rate 7,4,
error threshold F,, ., backup sampling rate set
R, and current error estimate £(k);

Output: Recovered initial state STy, (rec).

Set R’ «+ R;

if t < T}, then

foreach v; € V; do

‘ Set 1y, < Tmaz in R';

end

end

if v; fails at t; then

Read approximate backup state ST, (tf) from B;

Set STy, (trec) < STW (tr);

o e NN o m W N

end

if £ > Fyq. then

Update R’ using the differentiated sampling-rate
control mechanism;

e
R = S

13 end

14 else

15 ‘ Keep R’ unchanged,;
16 end

17 return ST, (trec);

In addition, during the system cold-start phase, external
backup states have not yet been sufficiently accumulated, and
error signals are also unstable. To avoid low recovery quality
caused by insufficient backups in the initial phase, Fd-Stream
sets the sampling rates of stateful operators to the upper bound
Tmae Within the initial protection window T;,;;. After the
system passes this protection window, it enters the regular
feedback regulation process. This strategy avoids full state
recovery and historical data replay after a failure, transforming
the recovery process from “exact rollback™ into “approximate
recovery followed by subsequent compensation.” As a result,



Fd-Stream can reduce failure recovery latency while maintain-
ing controllable output errors through feedback regulation.

The workflow of the feedback-assisted approximate state
recovery is outline in Algorithm 1. The input consists of the
failed operator, the current time ¢, the failure time ty, the
external backup storage B, the initial protection window T5,,¢,
the upper bound of the sampling rate r,,,., the error threshold
E\az, the current global error estimate E’, and the current
sampling rate configuration R. The output is the recovered
operator state ST, (t;c). Step 1 initializes R’ as the current
sampling rate configuration R. Steps 2-5 determine whether
the system is within the initial protection window 7;,;; and
whether backup sampling rates have been configured for state-
ful operators. Steps 7-10 read the approximate backup state
ST, (t #) of the operator from the external backup storage
B, and use it as the initial state ST, (¢,c.) at the recovery
time t,... Steps 11-16 determine whether post-recovery error
compensation is required according to the current global error
estimate £. The time complexity of Algorithm 1 is O(n),
where n denotes the number of all stateful operators.

V. PERFORMANCE EVALUATION

We evaluate system performance using three metrics: re-
source utilization, failure recovery latency, and end-to-end
processing latency.

A. Experimental Environment

Cluster setup. The experimental cluster consists of 32
computing nodes, each equipped with a uniform hardware
configuration of a 2-core CPU, 4 GB of memory, and a
50 GB disk. One node serves as the master node running
Nimbus, one node serves as the coordination node running
Zookeeper, and the remaining 30 nodes serve as worker nodes
running Supervisor and Redis storage instances. The software
configuration used in the experiments is shown in Table II.

Dataset and benchmark. We evaluate Fd-Stream using the
representative stream application: Yahoo Streaming Bench-
mark (YSB) [21] with the public dataset Yahoo Webscope
S5 Dataset [22]. The topology structures and parallelism
configurations are shown in Fig. 2.

TABLE 11
SOFTWARE CONFIGURATION.

Software Version

oS Ubuntu 24.04.2 64 bit
Apache Storm Apache-storm-2.8.0

JDK Jdk-21.0.2 64 bit
Apache Zookeeper  Apache-Zookeeper-3.5.7
Python Python 3.8.10

Redis Redis-7.0.15

Baseline. The experiments select two representative fault
tolerance mechanisms for stream computing as comparative
baselines: (1) Full Backup [23], a strongly consistent fault
tolerance mechanism for stream computing. This mechanism

Deserialize Join

Aggregate

Fig. 2. Topology structure and parallelism configuration of YSB.

periodically serializes the complete internal states of all state-
ful operators and writes them to external storage at a fixed
interval or frequency. (2) WAFP [18], a load-aware approx-
imate fault tolerance strategy that can allocate approximate
backup ratios according to load imbalance.

B. Resource Utilization

This experiment evaluates the resource utilization of Fd-
Stream and the baseline methods, including network 1/O over-
head, CPU utilization, and memory utilization. The workload
is uniformly set to 20,000 tuples/s, and the average resource
consumption during the stable running phase of the system is
recorded.

150 — T ——
- I Full Backup [ WAF
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1/0 utilization (MB/s)
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Runtime (min)

Fig. 3. I/O utilization of Fd-Stream and baselines.

As shown in Fig. 3, Full Backup continuously writes the
complete operator states, resulting in an average 1/O over-
head of 125.3 MB/s. WAFP reduces part of the state write
volume through approximate backup, lowering the average
I/O overhead to 113.0 MB/s. Fd-Stream uses global error
feedback and operator importance to regulate the sampling
rates, preferentially reducing redundant backups for marginal
operators and further decreasing the average I/O overhead to
95.7 MB/s. Compared with Full Backup, Fd-Stream reduces
the I/O overhead by approximately 23.6%; compared with
WAFP, it achieves a reduction of approximately 15.3%.

As shown in Fig. 4, the average CPU utilization of Full
Backup is 82.9%, with the main overhead coming from full-
state serialization and frequent persistence. The average CPU
utilization of WAFP is 75.8%. In contrast, Fd-Stream achieves
an average CPU utilization of 62.4%, which is lower than
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Fig. 4. CPU utilization of Fd-Stream and baselines.
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Fig. 5. Memory utilization of Fd-Stream and baselines.

both baseline methods. This is because that Fd-Stream reduces
unnecessary state backups and serialization operations, thereby
lowering computational resource consumption.

As shown in Fig. 5, Full Backup needs to maintain complete
state replicas, resulting in an average memory utilization of
73.8%. WAFP reduces the memory utilization to 66.7%. Fd-
Stream further reduces the average memory utilization to
54.2%, achieving a reduction of approximately 18.7% com-
pared with WAFP. This is because Fd-Stream preferentially
lowers the sampling rates of low-importance operators when
the error remains within a safe range, thereby reducing the
continuous accumulation of non-critical states.

C. Failure Recovery Latency

Failure recovery latency measures the time required for
the system to restore its processing capability after a Worker
process failure. In the experiment, the workload is set to
40,000 tuples/s, and a Worker process hosting stateful op-
erators is forcibly terminated every 10 minutes to simulate
node failures. The recovery latency is measured from the time
when the process is terminated to the moment when the system
completes failure detection, task rescheduling, operator state
recovery, and successfully processes the first newly arrived
tuple.

As shown in Fig. 6, Full Backup has an average failure
recovery latency of 15.728 s. Since this strategy needs to load
the complete state and process the data accumulated during the
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Fig. 6. Failure recovery latency of Fd-Stream and baselines.
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Fig. 7. End-to-end processing latency of Fd-Stream and baselines.

failure period, it tends to incur high deserialization overhead
and queue congestion during recovery. WAFP reduces the size
of the recovered state through approximate backup, lowering
the average recovery latency to 7.466 s. Fd-Stream rapidly
reconstructs the state based on approximate backups and grad-
ually compensates for recovery deviations through feedback
regulation, further reducing the average recovery latency to
6.443 s. Compared with Full Backup, Fd-Stream reduces the
recovery latency by 59.03%; compared with WAFP, it achieves
a reduction of approximately 13.7%.

D. End-to-End Processing Latency

End-to-end processing latency reflects the total time con-
sumed from when data enters the system at the input side
to when processing is completed at the output side. It can
characterize the impact of a fault tolerance mechanism on
the main data path. The experiment runs for 60 minutes: the
workload is set to 20,000 tuples/s during the first 30 minutes
and is increased to 40,000 tuples/s during the last 30 minutes.
Meanwhile, a Worker process is forcibly terminated every 10
minutes to simulate periodic failures. The system records the
average end-to-end latency every 1 minute.

As shown in Fig. 7, during the stable low-load stage (0 -
30 min), the average end-to-end latency of Full Backup is ap-
proximately 125 ms, while WAFP reduces it to approximately
68 ms, and Fd-Stream further reduces it to approximately 42
ms. After the load increases to 40,000 tuples/s (from 31 min),



the steady-state latency of Full Backup rises to approximately
385 ms, whereas Fd-Stream can still keep the latency at ap-
proximately 65 ms. This is because Full Backup continuously
performs full-state persistence, which significantly consumes
computing and I/O resources under high-throughput scenarios.
Since WAFP reduces part of the state persistence overhead, its
latency is approximately 68 ms. In contrast, Fd-Stream reduces
redundant state backups according to error feedback, thereby
reducing interference with the main data path.

After a failure injection at every 10 minutes, Full Backup
exhibits significant latency spikes due to full-state recovery
and data replay, with peak latency exceeding 15,000 ms under
high load. WAFP reduces the recovery data volume through
approximate backup and therefore achieves lower peak latency.
Fd-Stream reduces the data processing pressure during failure
recovery through approximate state recovery, keeping the
failure-induced latency peak at approximately 6,400 ms and
returning to a stable latency level more quickly after failure.
The experimental results show that, in complex stateful stream
applications, Fd-Stream can effectively reduce both normal-
operation latency and latency spikes under failure impact.

VI. CONCLUSION AND FUTURE WORK

This paper proposes Fd-Stream, a feedback-driven approxi-
mate fault tolerance framework for stateful stream computing.
Fd-Stream estimates global output error at low cost through
anchor sampling, dynamically adjusts backup sampling rates
according to operator importance, and rapidly restores operator
states from approximate backups with subsequent feedback
compensation. By integrating these techniques, Fd-Stream
achieves a dynamic balance among output accuracy, fault
tolerance overhead, and recovery latency. Compared with rep-
resentative baseline methods, Fd-Stream significantly reduces
resource utilization and recovery latency, demonstrating its
failure recovery efficiency.

Our future work will mainly focus on extending the adapt-
ability of Fd-Stream to complex stream processing scenar-
ios and different data distributions, and integrating resource
scheduling mechanisms to achieve a coordinated trade-off
among accuracy, latency, and resource utilization.
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