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ABSTRACT

Distributed stream processing systems (DSPSs) such as Apache
Flink have become omnipresent for real-time data processing in
e-commerce, finance, telecommunications, etc. The execution be-
havior of Flink is controlled by a vast and complex space of config-
uration knobs, necessitating automatic knob tuning to economize
resource usage while maintaining sufficient processing capabilities
for a given workload. Existing automatic methods largely adjust
limited configuration knobs, respond slowly to dynamic workloads,
and have difficulty transferring knowledge between heterogeneous
jobs with diverse knob spaces.

To solve these problems, we present Scarf, a self-adaptive con-
figuration tuning framework using multi-objective reinforcement
learning (RL) for Apache Flink. Specifically, (1) we accelerate job-
specific knob selection by clustering historical workloads according
to their sensitivity to knob changes, dramatically reducing redun-
dant sampling; (2) we formulate tuning as a multi-objective RL prob-
lem that jointly optimizes throughput and resource usage, learning
a forest of RL models offline representing the Pareto front of the
configurations, and dynamically selecting configurations from the
Pareto front under fluctuating online workloads; (3) we enable rapid
adaptation to new job topologies via a transferable actor–critic ar-
chitecture based on graph neural networks (GNNs), complemented
with a progressive neural-network (PNN) warm-up strategy. We
implement Scarf on Apache Flink and evaluate it on a diverse
range of streaming applications. Our framework significantly out-
performs state-of-the-art DSPS tuning approaches, achieving up to
62.5% savings in CPU resources, 68.3% savings in memory usage,
77.1% reduction in online tuning time, while maintaining sufficient
processing abilities throughout workload fluctuations.
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1 INTRODUCTION

With the explosive growth of online and real-time data, distributed
stream processing systems (DSPSs) such as Apache Flink [2], Apache
Storm [3], and Kafka Streams [5] have become widely adopted in
domains including e-commerce [56], finance [40], and telecommu-
nications [45]. These systems are designed to continuously process
large volumes of data in real time, enabling timely data processing
and analytics. Among existing DSPSs, Apache Flink has become
the favored system for stream processing due to its high perfor-
mance, exactly-once semantics, high-availability guarantees, and
an extensive ecosystem [18, 19, 53].

Knob tuning is an essential step when deploying streaming appli-
cations on Flink, as knob values significantly impacts the runtime
behavior of Flink, including throughput, latency, and resource con-
sumption. For example, the WordCount workload [27] runs at 5.2
K queries per second (QPS) with 1 core and 1.7 GB memory un-
der default settings, but reaches 90.7 K QPS with 32 cores and
63.1 GB memory after tuning. However, Flink’s knob space is im-
mense and complex. Flink exposes more than 200 knobs spanning
operator-level settings (e.g., parallelism) and cluster-level parame-
ters (e.g., network buffer size, checkpoint frequency, SQL optimizer
flags) [11], making manual tuning difficult. Moreover, the inter-
actions among knobs are often intricate. For instance, increasing
operator parallelism may reduce latency, but it can lead deploy-
ment failures due to insufficient resources if the number of task
slots is not increased accordingly. End users may lack the exper-
tise or time to manually tune this large knob space. Consequently,
there is a growing academic trend towards automated tuning for
DSPSs [12, 23, 25, 31, 33, 35, 43, 44, 61, 77]. In the industry, vendors
of Apache Flink (e.g., Alibaba Cloud [9], Ververica [8], Amazon [7])
now also offer out-of-the-box auto-tuning capabilities.

Existing approaches either narrow down the configuration scope
by focusing solely on parallelism tuning [12, 33, 43, 44, 61, 77]
or rely on manual, expert-driven knob selection [23, 25, 31, 35],
which limits their effectiveness and generalizability. In contrast, we
solve Flink tuning with intelligent multi-objective optimization

(MOO). This is essential due to the key difference between batch
and stream processing. Batch systems receive finite data at once,
so maximizing throughput is a dominant goal; whereas streaming
systems ingest data incrementally, where provisioning resources
more than needed to match the current input rate provides no per-
formance benefit. Thus, the tuning goal must jointly (1) minimize

resource costs (e.g., CPU, memory) and (2)maintain required

throughput and latency. Moreover, workload intensity fluctuates
over time, which shifts the trade-off between performance and cost.
For example, Figure 1 (a) shows an example of workload trace [72],
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Figure 1: Research Motivation. (a) The per-hour throughput

over three days for a real workload. (b, c) Average CPU (𝑟1)
and memory (𝑟2) usage comparison between single-objective

and multi-objective tuning under varying workloads.

which exhibits frequent fluctuations. In this setting, configurations
optimized for peak load becomewasteful under lighter load. Figure 1
(b,c) compare the performance of single-objective optimization (tar-
geting throughput only) with dynamic MOO (balancing throughput
and resource usage throughout the workload) under fluctuations.
The results demonstrate that MOO enhances resource efficiency, re-
ducing average CPU consumption by 40%–53% and memory usage
by 20%–50%. Without MOO, existing method typically rely on two
workarounds: (i) Retrain a model for each workload [27, 36, 77].
However, as workloads shift, previously trained models quickly
become useless and must be retrained from scratch. (ii) Search
the knob space using a strategy (e.g., heuristics or Bayesian op-
timization) guided by a performance model [33, 35, 43], yet it is
challenging to accurately construct performance models across
various workloads and the complex DSPS knob space. To this end,
for the first time to our knowledge, we present a tuning framework
for Apache Flink based onmulti-objective reinforcement learn-

ing (MORL). Specifically, by formulating Flink tuning as MOO,
we can flexibly balance performance and resource consumption.
Then, we employ a forest of RL agents to explore the vast knob
space guided by multi-objective goals. This enables us to rapidly
identify resource-efficient configurations across varying workloads.
Nevertheless, several challenges must be addressed.

C1. Tedious job-specific knob selection. To reduce the search
space, existing approaches require hand-picking a subset of pa-
rameters [23, 25, 31, 35], or focus on only tuning parallelism (i.e.,
autoscaling) [12, 33, 43, 44, 61, 77]. These methods may fail to iden-
tify knobs that are critical for a specific job. In contrast, to exploit
Flink’s richer configuration set, we perform automatic knob selec-
tion before tuning each job [37]. The selection process uses Latin
hypercube sampling (LHS) [51] to generate knob samples, and then
uses importance metrics such as SHAP [49] to identify the most
influential knobs. However, because job characteristics vary widely,
the importance of knobs also differs. For example, state backend
settings are irrelevant for stateless jobs, and SQL optimizer flags
do not affect jobs implemented directly with the DataStream API.
This means that knob selection must be repeated for each individ-
ual job, requiring hundreds of samples each time. To address this
challenge, we introduce a knob selection acceleration method

with workload clustering. By clustering historical jobs based on
their sensitivity to knob changes, we can identify a subset of knob
vectors that best discriminates these clusters. As a new job arrives,
we apply these knob vectors, assign the new job to the most similar

cluster, and reuse the knobs selected for that cluster centroid. On
top of that, we support dynamic fallback to full knob selection when
no similar historical job exists. This approach significantly reduces
redundant sampling and accelerates knob selection.

C2. Excessive reconfiguration under fluctuating load. Cur-
rent methods [33, 36, 43] primarily rely on online training, which
learns from feedback (e.g., job performance, resource usage, system
metrics) based on actions taken in the production environment.
Inevitably, these methods must perform exploratory actions. Each
such exploration triggers a system reconfiguration, including job
restart and state recovery, interrupting the data flow for approx-
imately 1–2 minutes. Even worse, some explorations may yield
poor knob values, causing severe performance degradation or even
job failure, which is highly detrimental to production stability. To
address this issue, we propose a forest-based offline–online

MORL approach for adaptive tuning under fluctuating load.
In the offline learning phase, we employ a forest of reinforcement
learning (RL) models to identify a set of checkpoint-compatible
Pareto fronts balancing throughput and resource usage. In the on-
line phase, we directly select the knob values on the Pareto front
that satisfy throughput requirements with minimal resource con-
sumption. Compared with online training methods, our approach
avoids excessive reconfigurations caused by disruptive explorations
in the production environment.

C3. Cross-job knowledge transfer. Building a tuning model
for a single job requires hundreds of samples. The samples are
generated by job executions, which take hours to days in total. To
speed up the tuning process, existing methods try to transfer the
knowledge learned from previous tuning sessions [12, 33]. How-
ever, the heterogeneity of the jobs makes it difficult to transfer the
knowledge learned from one job to another, because the different
topology of job graphs will result in different action spaces and
state spaces, impeding the transferability of RLmodels. To solve this
problem, we present a transferable GNN-based actor-critic net-

work and a PNN-based warm-up strategy. The actor-critic net-
work uses state-of-the-art graph neural networks (GNNs) to model
the execution graph of the streaming job. The operator-specific
configurations are carefully handled at the node-level, enabling
transferability across jobs with different topologies. Furthermore,
we introduce a warm-up strategy based on Progressive Neural Net-
works (PNN) [62] to transfer the RLmodel forest and policy weights
from similar jobs, thereby rapidly bootstrapping the tuning model
for new tasks. This method significantly accelerates the tuning
process for unseen jobs.

In summary, we introduce Scarf, a self-adaptive configuration
tuning framework via multi-objective reinforcement learning for
Apache Flink. The main contributions of this work are:

• We present, to our best knowledge, the first self-adaptive
Flink tuning method using multi-objective RL (Sec. 3).

• We develop a workload clustering method based on sensi-
tivity to knob changes that significantly reduces redundant
sampling in the knob selection process (Sec. 4).

• We propose a forest-based RL model to adapt to the fluctu-
ating load (Sec. 5).

• We design a transferable GNN-based policy architecture
together with a PNN-based cross-job transfer mechanism,
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enabling transferability and fast adaptation between het-
erogeneous job graphs (Sec. 6).

• We implement and comprehensively evaluate Scarf on
Apache Flink, demonstrating up to 77.1% reduction in tun-
ing time and up to 62.5% and 68.3% savings for CPU and
memory resources compared to prior methods (Sec. 8).

The remainder of the paper is organized as follows. Section 2
introduces the preliminaries and formalizes the problem. Section 3
provides an overview of our solution. Section 4 details the work-
load clustering. Section 5 presents the MORL process. Section 6
describes the transferable GNN-based actor–critic network. Sec-
tion 7 discusses how our tuner impacts critical DSPS functionality.
Section 8 outlines the experimental setup and results. Section 9
compares related work. Finally, Section 10 concludes the paper.

2 PROBLEM STATEMENTS

Apache Flink utilizes the Dataflow model [13] to handle boundless
streaming data. In this section, we first introduce the key concepts
of Apache Flink, then formally define the knob tuning problem.

2.1 Key Concepts of Apache Flink

Streaming Job Representation. In Flink, a logical job graph de-
fines the streaming job as a Directed Acyclic Graph (DAG) 𝐺 =

(𝑉 , 𝐸), where 𝑉 represents operators and 𝐸 represents data flow.
Data enters through source operators from external services (e.g.,
message queues), flows downstream for per-tuple computing, and
exits via sink operators into external systems (e.g., OLAP ware-
houses). In Flink, the job graph can be defined using the DataStream
API or generated by the Flink SQL optimizer.

Upon deployment, the job graph is transformed into a physical
execution graph, which specifies the parallelism (i.e., number of
instances) per vertex. During execution, these operator instances
are scheduled on task managers, processing data partitions in par-
allel. Parallelism can be set globally or for each operator separately.

Configurations and Metrics. Flink offers numerous configura-
tion knobs that impact performance and resource utilization. The
knob set 𝐶 can be divided into per-operator parallelisms 𝐶𝑜 and
global knobs 𝐶𝑔 . Per-operator parallelisms enables job elasticity,
while global knobs affect various system behaviors, including mem-
ory allocation, fault tolerance, state access, job scheduling and
execution, and SQL optimization.

Common performance metrics for a streaming job include
throughput (records processed per second) and latency (time for
a record to travel from source to sink). Following previous works,
we choose throughput as the primary performance metric, because
latency is acceptably compromised in the distributed scenario [16].

Reconfiguration Overhead. Streaming jobs are typically long-
running and stateful. Applying new configurations requires trig-
gering a savepoint to persist operator states externally, restarting
the cluster with new settings, and reloading the states from the
savepoint. This process will halt data consumption for several min-
utes, causing degraded performance and increased latency. Thus,
reconfigurations should be minimized in production.

An critical issue for reconfiguration is savepoint compatibil-

ity. During savepoint recovery, Flink maps state to operators using

IDs derived from the job graph structure. If configuration changes
(e.g., SQL optimizer flags, execution strategies) alter the resulting
job graph, operator IDs may change, preventing state restoration.
Therefore, online tuning must ensure different configurations gen-
erate identical job graphs to avoid state loss. To our knowledge,
this issue has not yet been addressed in existing work.

2.2 The Auto-Tuning Problem of Apache Flink

With the core concepts introduced, we now present the formal
definition of the auto-tuning problem of Apache Flink.

Definition 2.1 (Auto-Tuning Problem of Apache Flink). Given a
streaming job 𝐽 and a set of configuration knobs 𝐶 = 𝐶𝑜 ∪ 𝐶𝑔 ,
where 𝐶𝑜 denotes the operator parallelism settings and 𝐶𝑔 denotes
the global configurations, let the throughput be 𝑇 (𝐽 , 𝜆,𝐶) and the
total acquired resources be 𝑅(𝐽 ,𝐶) = 𝑅1 (𝐽 ,𝐶) + 𝜔𝑅2 (𝐽 ,𝐶). Here, 𝜆
represents the source rate of the entire job, 𝑅1 denotes the number
of acquired CPU cores, 𝑅2 denotes the acquired memory space, and
𝜔 is a weighting factor chosen to normalize the two components
to a comparable scale. The auto-tuning problem is to identify the
optimal configuration:

𝑐∗ = argmin
𝑐∈𝐶

𝑅(𝐽 , 𝑐), s.t. 𝑇 (𝐽 , 𝜆, 𝑐) ≥ 𝜆

In other words, the goal is to determine a configuration 𝑐∗ that
minimizes the total acquired resources while guaranteeing that the
throughput of the job is no less than the source rate 𝜆.

3 FRAMEWORK OVERVIEW

In this section, we provide an overview of Scarf, our self-adaptive
configuration tuner for Flink. Figure 2 shows the architecture of
the tuner comprising three key components:

① Knob selection speedup via workload clustering. This
component addresses the challenge of vast knob spaces by knob
selection, and accelerates the selection process when historical data
is available. In cold-start scenarios, we sample𝑁𝑐 knob vectors from
the search space to be used across all jobs. Then, we utilize SHAP
values to quantify knob importance, and select the top 𝐾 knobs
with the highest importance. In warm-start scenarios, we construct
performance vectors from previous knob selection sessions to clus-
ter historical jobs with similar sensitivities to knob changes. Next,
we identify a subset of knob vectors that best discriminate these
clusters. New jobs are evaluated using only this subset, mapped to
the closest historical cluster, and reuse the selected knobs from its
centroid job. This significantly reduces redundant sampling during
knob selection and ensures that the knob subspaces are consistent
for similar jobs, facilitating knowledge transfer.

② Multi-objective RL for adaptive tuning. The MORL mod-
ule focuses on the multi-objective nature of the tuning problem,
while minimizing online tuning overhead. In the offline phase, we
initialize a forest of multi-objective RL policies trained with varying
weights for performance and resource usage. Next, we iteratively
evolve these policies to construct a Pareto front, representing the
best trade-offs between throughput and resource consumption. In
the online phase, we generate configurations from these policies
and map them to the corresponding job graph topologies. We then
select the optimal Pareto front based on hypervolume and sparsity
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Figure 2: An overview of Scarf: a self-adaptive configuration tuning framework for Apache Flink.

metrics. This yields savepoint-compatible configurations with bet-
ter performance and resource efficiency. During the online phase,
we monitor the workload intensity and system behavior, dynam-
ically selecting the configuration that meets the throughput con-
straints with the lowest resource cost. This design ensures seamless
adaptation to workload fluctuations with minimal reconfigurations.

③ Transferable GNN-based actor-critic networks. The final
component enables knowledge transfer across heterogeneous jobs
to speed up policy training. First, to address the variable state and
action dimensionality caused by heterogeneous job graphs, we
employ Graph Neural Networks (GNNs) in the actor and critic
networks of the RL policies, and handle operator-level actions and
states at the node level. The resulting network is transferable across
jobs with different topologies. On top of that, we incorporate a
Progressive Neural Network (PNN) based warm-up strategy that
boostraps the new job’s Pareto optimal policies. This significantly
accelerates the tuning process for unseen jobs.

It is worth noting that Scarf is not tied to Flink and can be ap-
plied to other stream processing framework that uses DAG-based
job graphs, such as Apache Storm and Spark Structured Streaming.
Its learning mechanisms rely only on standard concepts in stream
processing, including throughput, latency, resource usage, and com-
mon system metrics. Therefore, Scarf can be easily adapted to
other systems by modifying the interface that interacts with the
underlying system to collect metrics and apply configurations.

4 KNOB SELECTION SPEEDUP

Motivation. Existing knob selectionmethods are job-specific, which
leads to redundant measurements for each job. This motivates a
workload-aware knob selection strategy, wherewe utilize parameter-
response relationships to cluster historical jobs, identify the most
similar job for a new job, and reuse the high-impact knob subsets.

In this way, we can dramatically reduce performance samplings of
real workloads, speeding up knob selection.

4.1 Basic Process

We first introduce the basic process of knob selection consisting of
two main steps: LHS sampling and importance estimation.

LHS sampling. The first step is to sample the whole configu-
ration space. The naive random sampling method often creates
non-uniform samples, leading to suboptimal results [26]. Therefore,
we adopt the popular Latin Hypercube Sampling (LHS) [51] method
for sample generation. Assuming we need to generate 𝑁𝑐 samples,
LHS divides each dimension of the configuration space into 𝑁𝑐
equal intervals, and then generates a random permutation of the
intervals. Each sample is then generated by randomly selecting one
value from each interval in the order of the joined permutations.
This ensures that the samples are uniformly distributed.

Importance estimation. After sampling the knob space using
LHS, we need to evaluate the importance of each knob to job per-
formance. Common approaches for estimating knob importance
include Lasso [65], Gini score [55], and the SHapley Additive ex-
Planations (SHAP) values [49]. We choose SHAP values as the
performance estimator, which is based on cooperative game the-
ory and explains how much each knob contributes to the overall
performance. SHAP can capture negative contributions, enabling
us to avoid tuning knobs whose changes would degrade perfor-
mance. In contrast, Lasso and Gini scores are variance-based and
therefore cannot distinguish between positive and negative contri-
butions [78]. Therefore, SHAP is theoretically more effective for
identifying the knobs most worth tuning.

4.2 Cluster-based Speedup

The basic knob selection process described above is time-consuming,
as it needs to collect hundreds of samples for each job to train a
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Algorithm 1 Finding the Most Distinguishing Knob Vectors
Input: Historical jobs 𝐹 = {𝑓1, . . . , 𝑓𝑛}, sample size𝑚, number of

clusters 𝑐 , distance threshold 𝛿 , selected sample size𝑚′
Output: Clusters 𝐶 = {𝐶1, . . . ,𝐶𝑐 }, centroids {𝜇𝑖 }𝑐𝑖=1, selected

knob vector indices Π
1: 𝑋 ← LHS(𝑚) ⊲ Sample knob vectors 𝑋 = {𝑥1, . . . , 𝑥𝑚}
2: Compute 𝑃 ∈ R𝑛×𝑚 by 𝑃𝑖,· ← 𝑓𝑖 (𝑋 )
3: 𝐶, 𝝁 ← KMeans

(
{𝑃𝑖,·}𝑛𝑖=1, 𝑐

)
4: for 𝑗 = 1, . . . ,𝑚 do

5: 𝑠 𝑗 ← Var
(
{𝜇𝑖, 𝑗 }𝑐𝑖=1

)
6: end for

7: Let 𝜋 be a permutation of 1, . . . ,𝑚 s.t. 𝑠𝜋1 ≥ · · · ≥ 𝑠𝜋𝑚
8: Π ← ∅
9: for 𝑘 = 1, . . . ,𝑚 do

10: if ∀𝜋 ∈ Π, dist(𝑥𝜋𝑘 , 𝑥𝜋 ) > 𝛿 then
11: Π ← Π ∪ {𝜋𝑘 }
12: end if

13: if |Π | =𝑚′ then
14: Break
15: end if

16: end for

17: return 𝐶, {𝜇𝑖 }𝑐𝑖=1,Π

performance model of relatively high accuracy. To speed up the
process, we propose a cluster-based knob selection method that
clusters historical jobs based on their performance patterns, selects
the knob values that best distinguish these clusters, and assigns
new jobs to the corresponding clusters using the selected knob
values. The process is described in Algorithms 1 and 2.

Algorithm 1 outlines the procedure for finding the most distin-
guishing knob vectors from historical jobs. In line 1, we generate
𝑚 knob vectors 𝑋 = {𝑥1, . . . , 𝑥𝑚} using LHS sampling. A knob vec-
tor is an element in the configuration space consisting of operator
parallelisms and cluster knobs. In line 2, for each historical job 𝑓𝑖 ,
we retrieve its performance on the sampled knob vectors 𝑋 from
tuning logs, obtaining a performance vector 𝑃𝑖,· . We use throughput
as the performance metric, as stated in Section 2.2. In line 3, we
cluster the historical jobs using these performance vectors with
K-means, producing 𝑐 clusters 𝐶 = {𝐶1, . . . ,𝐶𝑐 } and their corre-
sponding centroids {𝜇𝑖 }𝑐𝑖=1.

In lines 4–5, for each knob vector index 𝑗 , we compute a score
𝑠 𝑗 defined by the variance of the 𝑗th coordinate of all centroids,
measuring how differently the clusters behave under knob vector
𝑥 𝑗 . In line 7, we then sort the knob vectors in descending order of
the scores. Next, we iterate over this order and add each knob vector
to the selected set Π if its distance from every knob vector already
in the set is sufficiently large (lines 10–12). This enforces diversity
among the selected knobs. The process stops once𝑚′ knob vectors
have been selected (lines 13–15).

Algorithm 2 describes how to rank knobs by importance and
select knobs for new jobs. In line 1, we evaluate only the𝑚′ selected
knob vectors instead of the full set 𝑋 . Since each evaluation takes
2–3 minutes, this substantially reduces the knob selection time. In
lines 2–4, we compute the cosine distance between the new job’s
performance vector and the cluster centroids. In line 5, We identify

Algorithm 2 Knob Importance Estimation for New Jobs
Input: New job 𝑓 ′, historical jobs 𝐹 = {𝑓1, . . . , 𝑓𝑛}, knob vectors

𝑋 = {𝑥1, . . . , 𝑥𝑚}, selected indices Π = {𝜋1, . . . , 𝜋𝑚′ }, clusters
and centroids 𝐶 = {𝐶𝑖 , 𝜇𝑖 }𝑐𝑖=1, similarity threshold 𝛿

Output: Weights {𝑤𝑖 }𝑛𝑖=1 or fallback flag
1: Compute p′ ∈ R𝑚′ by p′ ← 𝑓 ′ (𝑋Π)
2: for 𝑖 = 1, . . . , 𝑐 do
3: 𝑑𝑖 ← 1 − p′ · (𝜇𝑖 )Π

∥p′∥ ∥(𝜇𝑖 )Π ∥
⊲ Cosine distance

4: end for

5: i← argmax𝑖∈𝐼 {𝑑𝑖 } ⊲ Set of indices 𝐼 = {1, . . . , 𝑐}
6: if 𝑑𝑖 ≤ 𝛿 then
7: return knob importance of the centroid job of cluster 𝐶𝑖
8: else ⊲ No cluster is similar enough
9: return fallback
10: end if

the cluster whose centroid is most similar to the new job. If the
distance is sufficiently small, we return the knob importance of the
most similar centroid (line 7); otherwise, we return a fallback flag
indicating that a full knob selection is required (line 9).

5 MORL FOR ADAPTIVE TUNING

Motivation. Single-objective tuning approaches focus solely on
performance, which struggles to balance the tradeoff between
throughput and resource consumption. Moreover, a single-objective
model cannot effectively adapt to changing objective weights due
to fluctuating workloads. Furthermore, the focus of online tuning
leads to excessive online reconfigurations, halting data consump-
tion. To this end, we model DSPS tuning as an MORL problem that
explicitly balances throughput and resource efficiency, with a focus
on offline training to enable fast, accurate online knob adjustments.

5.1 RL Modeling

We formally define the tuning process as a Markov Decision Process
(MDP). An MDP is defined by a tuple (𝑆,𝐴, 𝑃, 𝑅), where 𝑆 is the
state space, 𝐴 is the action space, 𝑃 (𝑠′ |𝑠, 𝑎) is the state transition
probability from 𝑠 to 𝑠′ given action 𝑎, 𝑅(𝑎, 𝑠) is the reward function
for state 𝑠 and action 𝑎.

5.1.1 State Space. We collect operator-level metrics as the state of
the MDP. The Flink metric system [11] routinely collects various
metrics at the operator level, which can be used to monitor the load
and performance of each operator. We select the following metrics,
which describe the operator’s response to the current workload:

• idleTimeMsPerSecond: The time in milliseconds that the
operator is not processing any records nor backpressured.

• busyTimeMsPerSecond: The time in milliseconds that the
operator is processing records.

• backpressureTimeMsPerSecond: The time in milliseconds
that the operator is blocked due to backpressure from down-
stream operators.

• numRecordsInPerSecond: The number of records processed
by the operator per second.

• numRecordsOutPerSecond: The number of records emitted
by the operator per second.
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Figure 3: The Offline Training Process.

For each operator 𝑜𝑖 , we collect the max and average values of
these metrics across all parallel instances, and concatenate them
to form the state vector 𝑆 = {𝑆1, . . . , 𝑆𝑁 }, where 𝑁 is the number
of operators in the job. Therefore, the total state dimension is 10𝑁 .
The state space is agnostic to specific job topologies and operator
types, facilitating transferability between different jobs.

5.1.2 Action Space. The action space is 𝐴 = 𝐴𝑜 ×𝐴𝑔 , where 𝐴𝑜 ⊂
R𝑁 is the space of operator parallelisms and 𝐴𝑔 ⊂ R𝑚

′ is the space
of selected global knobs.

5.1.3 Reward Function. The reward function is a 2-dimensional
vector r = {𝑡, 𝑟 } consisting of job performance (i.e. throughput)
and resource efficiency (i.e. CPU and memory). The throughput 𝑡
is calculated as the sum of the numRecordsInPerSecond of all source
operators. The resource efficiency 𝑟 is defined as the inverse of
𝑟1 + 𝛽𝑟2, where 𝑟1 denotes the total number of CPU cores, and 𝑟2
denotes the memory usage (in GB) of all operators. The parameter
𝛽 is set to the average value of 𝑟1/𝑟2 during knob selection, in order
to keep the two components on a comparable scale.

Previous work usually transforms the reward vector into a scalar
value by using a weighted sum of 𝑟 and 𝑡 . This means that the
resulting model will only be optimized for a specific trade-off be-
tween throughput and resource usage. When the workload change
requires a different trade-off, the model will become suboptimal
and must be retrained. Consequently, we keep the reward vector
as it is, allowing the agent to learn a policy that adapts to different
trade-offs easily with MORL, as described in Section 5.2.

5.1.4 Optimization Objectives. We use the state-of-the-art frame-
work, Soft-Actor-Critic (SAC) [32] to solve the MDP. SAC is an off-
policy algorithm that maximizes expected reward while also maxi-
mizing entropy, which encourages exploration. Here, we change
the optimization objective into a 2-dimensional vector J(𝜋), where

𝐽𝑖 (𝜋) =
𝑇∑︁
𝑡=0

E [r𝑖 (𝑠𝑡 , 𝑎𝑡 ) + 𝛼H(𝜋 (·|𝑠𝑡 ))] , 𝑖 ∈ {0, 1}, (1)

where 𝜋 is the policy, H(𝜋 (·|𝑠𝑡 )) is the entropy of the 𝜋 at state
𝑠𝑡 , and 𝛼 is a temperature parameter that controls the trade-off
between exploration and exploitation.

5.2 The MORL Tuning Process

The MORL tuning process consists of two main stages: offline train-
ing and online tuning.

5.2.1 Offline Training. The offline training process is described
in Figure 3. The main idea of the offline MORL training process is
to maintain a population of 𝜏 policies, each of which is trained to

Algorithm 3 MORL: Offline Training Process
Input: Number of policies 𝜂, number of generations 𝑀 , episode

length 𝑁
Output: A set of policies Π
1: R ← {𝜋𝑖 , 𝜔𝑖 }𝜂𝑖=1 ⊲ Initialize population
2: T ← ∅
3: for generation 𝑔 = 1, . . . , 𝑀 do

4: for task (𝜋𝑖 , 𝜔𝑖 ) in R do ⊲ Policy Gradient
5: Run 𝜋𝑖 for 𝑁 steps
6: 𝜋 ′𝑖 ← perform policy gradient for task (𝜋𝑖 , 𝜔𝑖 )
7: T = T ∪ {𝜋 ′𝑖 , (𝑡𝑖 , 𝑟𝑖 )}
8: end for

9: ⊲ Population selection
10: R ← solve the dynamic programming transition in Eq. (5)
11: end for

12: return 𝜋𝑖 for each (𝜋𝑖 , (𝑡𝑖 , 𝑟𝑖 )) ∈ T

optimize a different weighted sum of the reward function w𝑖 · r.
Then, for each iteration, we select the next generation of policies
and weights from the Pareto front of historical policies with the best
quality. We first define the Pareto front of a set of history records
T = {(𝑡𝑖 , 𝑟𝑖 )}𝑛𝑖=1, where 𝑡𝑖 and 𝑟𝑖 are the two components of the
return indicating throughput and resource efficiency, respectively.

Definition 5.1 (Pareto Front). The Pareto front F of a set of
records T = {(𝑡𝑖 , 𝑟𝑖 )}𝑛𝑖=1 is defined as the set of records that are not
dominated by any other record in T , i.e. there is no record (𝑡 𝑗 , 𝑟 𝑗 )
such that 𝑡 𝑗 ≥ 𝑡𝑖 and 𝑟 𝑗 ≥ 𝑟𝑖 for all 𝑖 ≠ 𝑗 .

The detailed process is described in Algorithm 3.
Initializing population. In line 1, we initialize 𝜂 RL policies 𝜋𝑖

with corresponding objective weights𝜔𝑖 . The policies are initialized
randomly, while the objective weights are chosen uniformly.

Policy gradient. Then, for each generation, we collect𝑀 steps
of experience for each policy (line 5) and update the policy using
the collected experience (line 6). We store the updated policies and
their return in a global history pool T (line 7).

Population selection. After that, we select 𝜂 policies from the
Pareto front T of the global history pool T with maximal quality
(line 10). We define quality as a weighted sum of hypervolume and
sparsity. Without loss of generality, we sort all candidates in F
by throughput 𝑡 in non-decreasing order. For the sorted subset
R = {(𝑡1, 𝑟1), . . . , (𝑡𝑛, 𝑟𝑛)} ⊂ F , we define:

Definition 5.2 (Hypervolume). Given the ordered set R, the hy-
pervolume is

H(R) =
𝑛−1∑︁
𝑖=1
(𝑡𝑖+1 − 𝑡𝑖 ) (𝑟𝑖 + 𝑟𝑖+1), (2)

The hypervolume represents the area under the Pareto front.
Larger hypervolume indicates that the policy can achieve better
resource efficiency under various workload levels.

Definition 5.3 (Sparsity). Given the ordered set R, the sparsity is

S(R) =
𝑛−1∑︁
𝑖=1
(𝑡𝑖+1 − 𝑡𝑖 )2, (3)
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Figure 4: Online Policy Selection and Tuning.

Smaller sparsity means that policies are more evenly distributed
in the throughput space, so that the agent can choose more suitable
policies for specific throughput requirements.

The overall quality is defined as

Q(R) =H(R) − S(R) . (4)

In order to select 𝜂 points with the highest quality, we take
advantage of the fact that bothH and S involve only consecutive
pairs in the sorted set R. Therefore, we can solve the problem by
dynamic programming. Let 𝐹 (𝑖, 𝑘) be the maximum quality of any
k-point subset ending at index 𝑖 of F , initialized with 𝐹 (𝑖, 1) = 0.
The transition for 𝑘 ≥ 2 is

𝐹 (𝑖, 𝑘) =max
𝑗<𝑖

{
𝐹 ( 𝑗, 𝑘 − 1) + (𝑡𝑖 − 𝑡 𝑗 ) (𝑟 𝑗 + 𝑟𝑖 ) − (𝑡𝑖 − 𝑡 𝑗 )2

}
(5)

The optimal 𝜂-policy subset’s quality is max𝑖 𝐹 (𝑖, 𝜂). The dy-
namic program is guaranteed to find the optimal subset in𝑂 ( |F |2𝜂)
time, making the total offline training time 𝑂 (𝑀 |F |2𝜂).

After selection, we update the population with the selected poli-
cies. The weights𝑤𝑖 are the inverse of their returns, because they
normalize the return values and encourage the model to balance
the two objectives. The process is repeated for𝑀 generations until
the population converges. All the policies and their corresponding
returns are passed to the online tuning module.

5.2.2 Online Tuning. The online tuning process described in Fig-
ure 4, which is responsible for selecting a group of online policies
and then adaptively choosing the best policy for the current work-
load. The process is described in Algorithm 4.

In lines 4-9, we obtain a set of optimal configurations by running
each policy returned from the offline process. Theoretically, the
Pareto front of these configurations represents the optimal settings
for the current job. However, as discussed in Section 2.1, in order
to preserve savepoint compatibility, the configurations used in the
production environment must be restricted to those that generate
an identical job graph. Thus, in line 7, we record the job graph
associated with each configuration. Then, in line 11, for each job
graph, we compute the Pareto front of its configurations using their
multi-objective rewards and select the one with the highest quality
according to Equation (4).

Once the system starts running, we continuously monitor the
job’s workload and the operators’ performance. If the workload
changes (line 14), we select the configuration with the lowest re-
source consumption (𝑟2) whose throughput (𝑟1) is sufficient to han-
dle the current input rate (𝜆) (line 15).

Algorithm 4 MORL: Online Policy Selection and Tuning
Input: Offline policies Π = {𝜋1, . . . , 𝜋𝜂}, episode length 𝑁
1: H ← ∅ ⊲ Optimal configuration set
2: G ← ∅ ⊲ Job graph set
3: ⊲ Collect optimal configurations grouped by job graph
4: for each 𝜋 ∈ Π do

5: Run 𝑁 steps and update policy for task (𝜋𝑖 , 𝜔𝑖 )
6: 𝑎, r,𝐺 ← the action, reward and corresponding job graph

of the last step
7: H ← H ∪ {(𝑎, r,𝐺)}
8: G ← G ∪ {𝐺}
9: end for

10: ⊲ Select the best job graph
11: 𝐺∗ ← argmax𝐺∈G Q(Pareto({r | (𝑎, r,𝐺) ∈ H}))
12: P ← {(𝑎, r) | (𝑎, r,𝐺∗) ∈ H}
13: ⊲ Online tuning
14: for each workload change do
15: (𝑎∗, r∗) = argmin(𝑎,r) ∈P 𝑟2 s.t. 𝑟1 ≥ 𝜆
16: end for

6 TRANSFERABLE ACTOR-CRITIC

Motivation. Existing tuning methods cannot transfer knowledge
between heterogeneous job topologies due to incompatible state
spaces (operator metrics) and action spaces (operator-level paral-
lelisms and global knobs), forcing expensive cold-start for every
new job. To mitigate this, we design both actor and critic as GNNs
that handle operator states and actions at the node level, and handle
global state and action at the graph level. This architecture natu-
rally handles variable-size DAGs and enables transferability across
heterogeneous jobs. Next, we describe the transferable GNN-based
actor-critic network, and provide a method for knowledge transfer
between heterogeneous Flink jobs.

6.1 GNN-based Actor-Critic Network

Actor Network. Let𝐺 = (𝑉 , 𝐸) be the job DAGwith node features
𝑥𝑖 . We run a GNN over {𝑥𝑖 } to obtain node embeddings ℎ𝑖 :

{ℎ𝑖 }𝑖∈𝑉 = GNN𝜙
(
{𝑥𝑖 }

)
. (6)

Operator-level actions (i.e. operator parallelisms) are com-
puted directly from node embeddings:

𝑎𝑖 =MLP𝜙𝑜 (ℎ𝑖 ), ∀𝑖 ∈ 𝑉 . (7)

Global actions (i.e. cluster knobs) are computed by pooling the
node embeddings and concatenating with a global MLP:

𝑐 =
1
𝑁

∑︁
𝑖∈𝑉

ℎ𝑖 , 𝑎𝑔 =MLP𝜙𝑔 (𝑐), where 𝑁 = |𝑉 |. (8)

Critic Network. Given a candidate action ({𝑎𝑖 }, 𝑎𝑔), we first aug-
ment each node feature with its parallelism 𝑎𝑖 :

𝑠𝑖 =
[
𝑠𝑖 ∥ 𝑎𝑖

]
. (9)

We run a separate GNN to obtain critic node embeddings ℎ𝑐𝑖 :

{ℎ𝑐𝑖 }𝑖∈𝑉 = GNN𝜃
(
{𝑠𝑖 }

)
. (10)
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We pool and concatenate with the global knobs 𝑎𝑔 , then apply
an MLP to get the joint Q-value:

𝑐𝑐 =
1
𝑁

∑︁
𝑖∈𝑉

ℎ𝑐𝑖 , 𝑧 =
[
𝑐𝑐 ∥ 𝑎𝑔

]
, 𝑄𝜃 (𝑠, 𝑎) =MLP𝜃𝑜 (𝑧) . (11)

6.2 PNN-based Knowledge Transfer

In previous sections, we have made the following efforts to make
knowledge transfer possible: (i) Feature universality: In Sec-
tion 5.1.1, we incorporate universal and topology-agonistic RL
states. With normalization, these states are consistent across jobs.
(ii) Structural transferability: In Section 6.1, we design GNN-
based actor-critic networks, which are permutation equivariant at
the node level and invariant after graph pooling, naturally handling
variable-size DAGs. In this section, we adopt Progressive Neural
Network (PNN)-based knowledge transfer that reuses the most
relevant historical policies and uses lateral connections to avoid
catastrophic forgetting. In this way, we quickly obtain a Pareto
front of configurations for the new job, reducing offline tuning cost.

Choosing the Historical Model. In Algorithm 1, each new job 𝑓 ′ is
assigned to a cluster, whose centroid job is 𝑓𝑐 . By definition of the
knob selection process, we will select the same knobs for tuning
in the new job as 𝑓𝑐 , while 𝑓𝑐 has the most similar sensitivity to
configurations as 𝑓 ′. Therefore, we can reuse the historical model
trained on 𝑓𝑐 to warm-up the new job 𝑓 ′.

PNN-style Layerwise Connections. For both the actor and critic
networks, denote the output of the (ℓ−1)-th layer in the historical
model by ℎℎℓ−1, and the corresponding output in the new model ℎ𝑛ℓ−1.
We define the ℓ-th layer of the new connected network as

ℎ𝑛ℓ = 𝜎
(
𝑊 𝑛
ℓ ℎ

𝑛
ℓ−1 +𝑈ℓ ℎℎℓ−1

)
, ℓ = 1, . . . , 𝐿, (12)

where𝑊 𝑛
ℓ are the trainable weights of the new model,𝑈ℓ is a small

trainable matrix projecting the representation ℎℎℓ−1 into the new
feature space, and 𝜎 (·) is ReLU activation.

Analogous lateral connections are added to each layer of the
critic network. To avoid catastrophic forgetting, all parameters
of the historical model (𝜙ℎ, 𝜃ℎ) remain frozen, and only the new
parameters {𝑊 𝑛

ℓ ,𝑈ℓ }𝐿ℓ=1 are updated during the warm-up phase.

Warm-up Training and Initial Pareto Front. We collect a small
number of episodes 𝑁warm on the new job 𝑓 ′ by executing the
combined actor–critic. Since the lateral connections already encode
knowledge of good trade-offs from 𝑓𝑐 , the new model converges
quicker to a high-quality Pareto front. Finally, we perform online
adaptation as described in Section 5.2.2.

7 IMPACT ON SYSTEM FUNCTIONALITY

Scarf addresses the following critical challenges in DSPSs:
➊ Dynamic resource provisioning. DSPSs dynamically allo-

cate resources in response to workload fluctuations. Scarf uses
MOO to learn a Pareto front of configurations balancing through-
put and resource usage, and selects configurations based on work-
load changes to quickly adapt to dynamic resource demands. ➋

Load balancing. Data skew often causes resource inefficiency in
DSPSs. Scarf does not directly modify data partitioning, but it
can mitigate resource wastage by optimizing resource allocation
and enabling query optimization flags (e.g., two-phase aggregation

and skew join) to better handle skewed data. ➌ Fault tolerance.

Flink achieves fault tolerance by persisting operator states through
savepoints. However, existing tuning methods overlook savepoint
incompatibility caused by heterogeneous job graphs. Scarf re-
stricts online configurations to those that generate identical job
graphs, ensuring correct state recovery during reconfiguration. ➍
State management. Efficient state management is crucial for low
latency in stateful jobs. By optimizing state-backend-related knobs
(e.g., memory allocation for RocksDB), Scarf improves state access
times and reduces processing latency.

These challenges of DSPSs are highly interdependent. For exam-
ple, under dynamic resource provisioning, it is common to increase
operator parallelisms to handle higher loads, but data skew of-
ten becomes more prominent at high parallelisms, causing load
balancing issues. Similarly, savepoint creation for fault tolerance
consumes I/O bandwidth, contending resources with state manage-
ment. Therefore, tuning individual components can result in local
minima. In contrast, Scarf’s end-to-end approach optimizes
global objectives to effectively manage these trade-offs.

8 EXPERIMENTS

8.1 Experimental Setup

We conduct experiments to answer the following questions:
Q1. How well does Scarf conserve CPU and memory resources?
Q2. Can Scarf allocate enough resources for job performance?
Q3. What is the overhead of Scarf compared to other baselines?
Q4.How does each component contribute to Scarf’s effectiveness?
Q5. How do parameters affect the tuning performance of Scarf?

8.1.1 Hardware and Software. The experiments are conducted on
a cluster of 10 physical machines, each equipped with two 12-core
CPUs (Intel Xeon E5-2620 v3, 2.40 GHz), 128 GB memory, and 1 TB
HDD. All machines run CentOS 7.9 and are connected via 10 Gbps
Ethernet. We deploy a YARN cluster with Hadoop 3.4.1, and run
Apache Flink 2.0.0 in YARN application mode.

8.1.2 Workload Generation. To emulate the random fluctuations
and periodicity of real-world streaming workloads, we vary the
data input rate using a random permutation of predefined source
rates. For each query, we determine a source rate unit𝑊𝑢 based on
the query’s complexity and generate the workload using a sequence
of ten rate levels, e.g., [9𝑊𝑢 , 2𝑊𝑢 , 3𝑊𝑢 , 10𝑊𝑢 , 1𝑊𝑢 , 4𝑊𝑢 , 5𝑊𝑢 , 8𝑊𝑢 ,

6𝑊𝑢 , 7𝑊𝑢 ]. We replicate this sequence to simulate periodicity. To
eliminate possible bias caused by specific fluctuation patterns, we
sample six random rate permutations for each query, resulting in
120 workload changes per query.

8.1.3 Queries. We evaluate the tuning methods using 32 queries
from 3 benchmarks: Nexmark [6], PQP queries [12], and HiBench-
stream [4]. Table 1 shows the source rate units (𝑊𝑢 ) of each query.

• Nexmark [6]: a widely used streaming benchmark suite
simulating an auction system.We use all 22 Nexmark queries,
excluding Q6, which is not supported by Flink.

• PQP queries [12]: synthetic queries covering diverse sce-
narios, including linear queries, joins, and filters. We use
the following query templates: linear (L), 2-way-join (2J),
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Table 1: Evaluated Benchmarks and Queries

Nexmark PQP Queries HiBench

Query Q0 Q1 Q2 Q3 Q4 Q5 Q7 Q8 Q9 Q10 Q11 Q12 Q13 Q14 Q15 Q16 Q17 Q18 Q19 Q20 Q21 Q22 L 2J 3J 2F 3F 4F FW ID RP WC

𝑊𝑢 2M 2M 1M 1M 100K 1M 100K 1M 80K 500K 150K 500K 2M 2M 150K 20K 300K 200K 200K 100K 1M 1.5M 40K 25K 20K 40K 40K 30K 150K 3.5M 200K 200K

3-way-join (3J), 2-filter-chained (2F), 3-filter-chained (3F),
and 4-filter-chained (4F).

• HiBench-stream [4]: a big-data benchmark suite with
various workloads. We use all four streaming workloads
provided in HiBench-stream: Fixwindow (FW), Identity
(ID), Repartition (RP), and Stateful Wordcount (WC).

8.1.4 Baselines. We compare Scarf with the following state-of-
the-art DSPS tuning methods and MOO-based tuning methods:

• DS2 [36]: A linearity-based model assuming that system
performance is proportional to operator parallelism.

• Bayesian [35]: A Bayesian optimization-based method that
builds a performance model with a random forest and uses
it to guide the exploration of the knob space.

• ContTune [43]: A hybrid model that employs conserva-
tive, heuristic explorations to prevent SLA violations, while
accelerating tuning with Bayesian optimization.

• ZeroTune [12]: A zero-shot method that constructs a cost
model to determine initial operator parallelisms and uses
operator selectivity to guide the subsequent tuning process.

• StreamTune [33]: A GNN-based method that pretrains a
series of encoders on historical jobs and refines the config-
urations online by predicting the bottleneck operator.

• IAMA [68]: An evolutionary MOO-based method that finds
approximations of the Pareto front using dynamic program-
ming and incrementally refines them.

• UDAO [75]: A gradient-basedMOO-basedmethod that gen-
erates the Pareto front using learned performance models
and a multi-objective gradient descent solver.

8.1.5 Training Setup. Our method consists of three phases: histori-
cal workload collection, offline training, and online tuning. During
historical workload collection, we train a model from scratch for
12 hours for each query in Section 8.1.3. In offline training, we
first ensure the current query is unseen by excluding its previously
trained model from the historical model set. Then, we assign the
new job to the most similar cluster, transfer the RL model forest
from the cluster centroid to the new job, and finetune the models
with PNN for 100 steps with new and replayed experiences, which
takes an average of 3.7 hours per query. Finally, we identify the
Pareto front with the highest quality for online tuning.

For fairness, baseline methods that support workload transfer (i.e.
ZeroTune and StreamTune) are also trained with the same historical
workload. All baselines perform a warmup process for 100 steps
before we start evaluating the results. All methods are limited to
an online tuning budget of 10 steps, as excessive reconfiguration
is impractical in production environments. Important parameter
ranges and default values we use are shown in Table 2.

8.1.6 Evaluation Metrics. Throughout the evaluation, we measure
the tuning performance using the following metrics:

(1) Resource efficiency: CPU cores (𝑟1) and memory (𝑟2) allo-
cated by YARN to Flink according to the selected job configuration.

(2) Throughput: the job throughput after the tuning stabilizes
under a specific source rate. If a tuning decision is optimal, the
throughput should be equal to the source rate. Poor tuning decisions
will result in significantly lower throughput than the source rate.

(3)Watermark delay: the largest difference between the water-
marks of source and sink operators after stabilization. This delay
captures the total time that a tuple travels along the job graph from
source to sink. Due to batching and windowing, this delay is greater
than zero and dependent on the specific workload.

(4) Reconfiguration count: the average number of reconfigu-
rations following a workload change.

(5) Total tuning time: the elapsed time from a workload change
to throughput stabilization. This includes model deduction, check-
point creation, job restart, and state recovery.

8.2 Comparison with Baselines

We first compare Scarf with the baselines in terms of resource
efficiency, throughput, watermark delay and tuning overhead.

8.2.1 Job Performance. We compare the average throughput and
watermark delay throughout all 10 source rates to evaluate how
effectively each method sustains the performance required by the
source rates. The results are shown in Figures 5 (a) and 5 (b). Since
some queries do not expose watermarks, Figure 5 (b) shows the
watermark delay only for the remaining queries.

In theory, the average source rate over the entire tuning process
is 5.5𝑊𝑢 , as indicated by the gray dash line in Figure 5 (a). Overall,
Scarf consistently matches the source input rates, demonstrating
its capability to allocate sufficient resources for streaming jobs to
run without back-pressure. This is attributed to the following rea-
sons. First, Scarf identifies critical knobs that significantly impact
performance, while some baselines (e.g., DS2, ContTune, ZeroTune,
StreamTune) only tune operator parallelisms. This leads to failures
in cases like Q15, which requires tuning the mini-batch size to
achieve high throughput. Second, Scarf leverages direct system
feedback via reinforcement learning, enabling it to capture accurate
performance dynamics. In contrast, other baselines (e.g., Bayesian,
IAMA, UDAO) rely on performance models to predict throughput,
which are difficult to train within limited tuning budgets, often
resulting in suboptimal configurations. Third, Scarf’s focus on
offline training enables safe reconfigurations in production, while
other baselines are prone to selecting poor configurations during
online explorations, causing degraded performance.

Regarding watermark delay, Scarfmaintains the lowest or near-
lowest values for all workloads, with an average of 30.5%–84.6%
decrease. Other methods incur higher latencies due to excessive
online explorations (DS2, ContTune, ZeroTune, StreamTune) or con-
vergence to suboptimal configurations (Bayesian, IAMA, UDAO).
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Figure 5: Average Throughput (𝑡 ), Watermark Delay (𝛿), CPU Usage (𝑟1), Memory Usage (𝑟2) and Tuning Time Comparisons of

Scarf and Baselines.

Table 2: Parameter Ranges and Default Values.

Parameter Range

Number of Knobs Selected 𝐾 5, 10, 20, 40
Population Size | R | 1, 5, 10, 20
Offline Training Steps𝑇 20, 40, 60, 80, 100
Actor Learning Rate 𝜂𝑎 1e-5, 3e-5, 1e-4, 3e-4
Critic Learning Rate 𝜂𝑐 1e-4, 3e-4, 1e-3, 3e-3

8.2.2 Resource Efficiency. We compare the average CPU and mem-
ory usage across all 10 source rates. The results are shown in Fig-
ures 5 (c) and 5 (d). Note that in some cases, certain baselines
under-allocate resources (e.g., UDAO in Q3), resulting in lower us-
age than Scarf but failing to meet the throughput requirements.
These cases are excluded from the subsequent analysis.

Overall, our method delivers the most resource efficiency across
workloads, consistently outperforming baselines. Out of all work-
loads, Scarf achieves resource savings of 29.6%–62.5% (average
46.3%) for CPU and 27.8%–68.3% (average 48.7%) for memory com-
pared to baseline methods. Its reinforcement learning approach
explores the knob space without assuming any prior knowledge
of knob impacts, enabling robust adaptation. By contrast, some
baselines such as DS2 and ZeroTune assume linearity between

operator parallelism and throughput, which is not guaranteed to
be correct. ContTune, Bayesian, and StreamTune utilize Bayesian
Optimization, which struggles to converge in large configuration
spaces. IAMA and UDAO often recommend lower resource usage
than required, because evolutionary methods and gradient-descent
MOO are ill-suited for the complex knob space of DSPSs.

Specifically, Scarf yields greater improvements on more complex
queries. Scarf brings an average of 55.5% CPU and 52.6% memory
savings on queries with multiple operators, compared to 23.7% CPU
and 39.2% memory savings on single-operator queries (i.e., Q0–Q2,
Q13, Q14, Q21, Q22, L, ID). This is because complex queries have
larger job graphs, where Scarf’s GNN-based job representation
better captures the intricate relationships among operators.

8.2.3 Knob Tuning Overhead. Figure 5 (e) presents the average
reconfiguration time per source-rate change (i.e., the total elapsed
time from a source rate change to job stabilization). Note that
we limit all methods to 10 reconfigurations per source-rate range.
Scarf ranks among the fastest methods because its offline-online
tuning design minimizes online exploration. In contrast, DS2, Con-
tTune, ZeroTune, and StreamTune perform extensive online explo-
rations, resulting in longer reconfiguration times, while Bayesian,
IAMA, and UDAO require less reconfiguration time at the expense
of sub-optimal job performance.
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8.3 Ablation Studies

8.3.1 Core Components. We test on all Nexmark queries with three
ablated variants: w/o knob selection, w/o multi-objective learning,
and w/o transfer learning. The results are shown in Figure 6.

Knob Selection. We remove knob selection by tuning 141 con-
figurations, which include all Flink configurations except those
irrelevant to performance (e.g., log paths, high-availability). The
results show that knob selection accounts for a 0.8%–41.7% (average
11.6%) improvement in CPU efficiency and a 1.4%–50.4% (average
19.0%) improvement in memory efficiency. This demonstrates that
knob selection effectively reduces the configuration space, making
it easier for RL agents to learn the optimal tuning actions.

Multi-Objective Learning.We remove multi-objective learning by
excluding the resource component from the RL reward. We find that
multi-objective learning contributes 3.6%–119.3% (average 32.2%)
improvement in CPU efficiency and 13.4%–140.6% (average 76.9%)
improvement in memory efficiency. This is because multi-objective
learning balances resource efficiency with job performance, en-
abling the model to avoid over-allocation under low workloads.

Transfer Learning. We disable transfer learning and train models
from scratch instead of initializing with historic workloads. Within
our 100-step offline training budget, transfer learning yields 2.4%–
31.0% (average 14.2%) improvement in CPU efficiency and 1.5%–
77.9% (average 28.5%) improvement in memory efficiency, proving
that transferred models obtain Pareto fronts with better qualities.

8.3.2 Knob Importance Metric Ablation. To validate the effective-
ness of SHAP values as the knob importance metric, we replace
SHAP with Lasso and Gini score for knob selection. The results are
shown in Figure 7. Lasso and Gini score both yield inferior perfor-
mance in certain cases due to their inability to capture negative
knob contributions, while SHAP consistently achieves the best CPU
and memory efficiency across all queries.

8.3.3 Knob Space Ablation. We compare three knob spaces to tune:
operator-level knobs (i.e., parallelisms), global knobs, and all knobs.
The results are presented in Figure 8. It is evident that the operator
parallelisms have a greater impact than global knobs. Neverthe-
less, global knobs contribute meaningful resource efficiencies when
tuned together with operator-level knobs, yielding 4%–27% CPU
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Figure 8: CPU (𝑟1) and Memory (𝑟2) Usage Comparisons Tun-

ing Operator-Level, Global, and All Knobs.

savings and 12%–29% memory savings. Therefore, tuning operator-
level and global knobs concurrently is more beneficial.

8.4 Parameter Studies

8.4.1 Number of Selected Knobs. We vary the number of selected
knobs on Nexmark queries of different complexity. The results
are shown in Figure 9. For simple queries, we find that the top-5
knobs already deliver satisfactory performance, while including
more knobs makes it harder for the RL agent to learn effectively.
However, for medium to complex queries, clear performance im-
provements are observed when the number of knobs increases from
10 to 20. Therefore, we recommend selecting the number of knobs
in proportion to the job’s complexity.

8.4.2 Number of Offline Training Steps. We compare the conver-
gence process of new and transferred models by studying the rela-
tionship between the number of offline training steps and tuning
performance. The results are shown in Figure 10. Some points are
missing because the online tuning process fails to suggest a configu-
ration that sustains the 10𝑊𝑢 throughput. It can be shown that new
models typically have difficulty converging within 100 steps, while
transferred models can converge within 60–80 steps, with compara-
ble or better final tuning performances. This proves that knowledge
transfer speeds up the offline training process, accelerating the
adaptation to new workloads.

8.5 Cross-System Generalizability

We compare Scarf on Spark Structured Streaming with baseline
methods using HiBench-stream workloads. We exclude DS2, Cont-
Tune, ZeroTune, and StreamTune as these methods rely on Flink-
specific metrics to estimate operator processing abilities, making
them incompatible with Spark. Consequently, we compare only
against Bayesian, IAMA, and UDAO. As shown in Figure 11 (a),
these baselines fail to sustain the required throughput, reflecting
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the difficulty of building accurate performance models for Spark
within a limited tuning budget. Although Figures 11 (b) and 11 (c)
show that IAMA can use fewer resources, its suboptimal through-
put indicates under-allocation. These results demonstrate Scarf’s
ability to generalize to alternative DSPSs.

9 RELATED WORK

Distributed Stream Processing System Tuning. A subset of work
on DSPSs focuses exclusively on parallelism tuning, also known
as autoscaling. Pioneering approaches adopt threshold-based poli-
cies [21, 27, 30, 47, 52, 74] to determine when and how to perform
scaling operations. However, these policies lack feedback mecha-
nisms, which limits their effectiveness. Model-based methods rely
on linear models [15, 36, 57], queuing theory [28, 46, 59], control
theory [22], or game theory [54] to formulate the tuning prob-
lem. Such methods often depend on strong assumptions about
data distributions, making them less robust in practice. More re-
cent methods employ machine learning, e.g., Bayesian optimiza-
tion [43, 44, 61, 77], deep learning [12, 33, 48], and reinforcement
learning [20, 24, 34, 58, 60, 73]. Nevertheless, these methods con-
tinue to focus solely on operator parallelism and omit cluster-
level knobs entirely. A smaller body of work include additional
knobs [23, 25, 31, 35], but these knobs are manually selected with-
out theoretical grounding, and are sensitive to breaking changes in
DSPSs. In contrast, our method considers both operator parallelism
and cluster-level knobs, thereby unlocking the full potential of DSPSs.

OLAP and Big-Data Framework Tuning. Another line of work in-
vestigates parameter tuning for OLAP databases. These studies em-
ploy heuristic approaches [10, 14], Bayesian optimization [38, 70],
and reinforcement learning [17, 29, 41, 66, 71, 76]. Other methods
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ory Usage (𝑟2) Comparisons of Scarf and Baselines on Spark

Structured Streaming.

target parameter tuning for big-data frameworks, such as Apache
Spark [1], in [42, 50, 63]. However, they are unsuitable for stream-
ing scenarios. The core limitation is that they simply maximize
throughput, without conserving resources under various work-
loads for streaming jobs. In contrast, our approach formulates the
problem as multi-objective optimization, thereby enabling dynamic
configuration adjustments in response to workload shifts.

Multi-Objective Optimization for Knob Tuning. Several otherMOO
methods have been proposed for knob tuning, which optimize a
set of metrics (e.g., execution time, monetary cost). Evolutionary
methods [39, 67–69] iteratively evolve a candidate population of
configurations to approximate the Pareto front. These methods
work well for decomposable problem spaces with near-optimal
substructure, e.g., scheduling plans [39] and query plans [67–69].
However, the interdependencies among knob space dimensions pre-
vent decomposability, making evolutionary techniques suboptimal.
Gradient-based methods [64, 75] use gradient information to
guide the search for optimal configurations. However, they require
a subdifferentiable performance model, which is difficult to build
for DSPSs under constraining budgets due to the high-dimensional
knob space and complex dynamics. In contrast, our RL-based method
uses direct feedback from actual workloads, allowing effectively ex-
plorations of the complex knob space without relying on inaccurate
assumptions or modeling.

10 CONCLUSION

In this paper, we present Scarf, a self-adaptive configuration tun-
ing framework for Apache Flink, with three key contributions: (1)
knob selection speedup via workload clustering, (2) MORL for adap-
tive tuning, and (3) transferable GNN-based actor-critic networks.
Extensive evaluations demonstrate that Scarf substantially im-
proves tuning efficiency and resource utilization compared with
state-of-the-art methods. In future work, we will further improve
tuning stability in online environments by addressing job start-up
failures, network jitter, misconfigurations, and related issues.
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