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Effective system resource management is key to delivering high performance stream processing. Stream
processing engines (SPEs) rely on their host operating system (OS) for managing compute and memory
resources, but this is inefficient as the OS is not stream-aware, i.e., the OS does not understand the streaming
dataflow or pipeline state in how they relate to the resource requirements of stream processing. Additionally,
the lack of stream-awareness inhibits adaptive resource allocation in response to dynamic workload changes.

We present Enjima, a modern SPE designed for scale-up on a single machine through adaptive stream-
aware management of memory and compute resources. Enjima’s eager, cache-aligned, block-based memory
management avoids memory allocation on the critical path of system execution while providing efficient data
transfer of events between streaming operators. Its variable batching forms event batches based on pending
inputs and available output memory, reducing batching delays and memory accesses to enhance system
performance. Enjima integrates a stream-aware, state-based operator scheduler that leverages fine-grained
operator and pipeline metrics such as operator cost, selectivity, and latency gradient to optimize for both
latency and throughput, enabling significant performance gains and rapid adaptation to dynamic workloads.
Evaluation against state-of-the-art systems shows that Enjima achieves up to 6.3% higher throughput and
up to three orders of magnitude lower latency through integrated stream-aware memory and CPU resource
management.
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1 Introduction

Modern stream processing engines (SPEs) such as Apache Flink [12] Apache Spark [7], and Kafka
Streams [5] are popularly used to process large volumes of data under tight latency constraints in
many domains, e.g., real-time analytics, network management, anomaly detection, and real-time
object detection [9, 19, 32, 37, 59]. SPEs generally leave it to the operating system (OS) or the
language runtime to manage compute (CPU) and memory resources while processing the streaming
query pipeline [12].

OS-based resource management lacks stream-awareness, which results in sub-optimal choices
about which streaming query operators to assign the available system resources. On the other hand,
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an SPE can be stream-aware, i.e., know firsthand the state of the streaming query pipeline and its
operators including the input workload, allowing it to perform judicious resource management by
keeping track of the state of its streaming query pipelines. This understanding of its resource needs
enables the SPE to become resource-adaptive, which means allowing it to dynamically allocate
system resources based on the resource requirements of the streaming query operators.

Prudent use of the system resources on a single machine can add significant capacity for stream
processing to the SPE running on that machine, thereby increasing the system’s scale-up [39]
performance. Single-server SPE scale-up is similar to server consolidation, aiming to maximize
resource utilization on a single server to attain higher performance while making it more cost-
effective and sustainable than operating multiple, less performant, servers.

Achieving superior scale-up performance requires the SPE to consider streaming factors such
as which operators to prioritize for execution and their respective memory requirements at a
given time by adapting the assignment of CPU and memory resources to manage and accelerate
stream processing. The resource requirements of each individual operator varies significantly even
when under a steady workload due to the inherent temporal nature of streaming computations.
External factors such as dynamic changes in workload characteristics can further exacerbate the
unpredictability of resource requirements of an SPE. Therefore, judicious memory management
and efficient state-based scheduling that leverages stream-awareness to achieve resource-adaptivity
is of critical importance to the SPE’s scale-up performance.

A streaming query consists of a pipeline of non-blocking operators arranged in a directed
acyclic graph (DAG), continuously exchanging data to process input workloads [26, 48]. SPEs such
as Apache Flink use queued in-memory buffers allocated in non-contiguous regions, which can
reduce cache locality [55]. Some SPEs such as Saber [33] use fixed-size circular queues to reduce
their memory footprint and to improve memory bandwidth and cache locality. However, fixed
memory allocations can experience waste or frequent backpressure, while unbounded queues incur
latency from dynamic allocation. Large fixed memory pools oversubscribe resources and can cause
fragmentation, degrading cache locality when buffers span different memory regions.

Runtime scheduling enables allocation of CPU resources to streaming operators in a pipeline.
Default OS scheduling creates a kernel or user-level thread for each deployed operator, and leaves
it to the OS scheduler to decide when and how to execute those threads, which is known as thread-
based scheduling. Thread-based scheduling causes significant challenges when scaling to multiple
queries since only a limited number of CPU cores are typically available. Furthermore, it leads to
poor throughput and/or latency performance since the OS scheduler is unaware of the state of the
query pipeline and hence unable to adaptively allocate resources based on demand.

State-based operator scheduling addresses these concerns by relying on current system state to
allocate computational resources to operators to optimize for a given performance metric [14]. Prior
work on utilizing fine-grained operator metrics for scheduling [8, 14, 46, 47] focus on optimizing a
single performance metric or application-specific parameter in single-core processor systems. Our
state-based scheduler optimizes for multiple performance metrics by capturing system state via
fine-grained metrics, and unlike prior work, generalizes to multi-core commodity processors.

In this paper, we propose stream-aware memory management that allocates blocks of memory
based on operator requirements for efficient transfer of in-flight data. Our design utilizes chunk
pre-allocation using background threads to eliminate allocation overhead, a memory-block-based
processing model that improves cache locality, and a variable batching strategy that improves both
throughput and latency. As part of our system, we also propose the design of an adaptive, stream-
aware, state-based runtime operator scheduling algorithm and a policy that exploits performance
characteristics of commodity multi-core machines to deliver improved throughput and latency
performance. Our scheduling policy integrates latency-driven prioritization with throughput-aware
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scheduling eligibility. The priority equation combines fine-grained operator metrics with weighted
pipeline latency gradients to guide inter-query and inter-operator scheduling decisions, while
scheduling eligibility thresholds are dynamically adjusted based on latency feedback for responsive
scheduling. We show that these design considerations significantly boost overall SPE performance.

Timely allocation of necessary CPU resources to operators via state-based scheduling leads to
efficient memory utilization in addition to improving pipeline throughput and latency. This is
because suboptimal scheduling decisions can easily cause a pile-up of events at a bottlenecked
operator, requiring additional memory to be allocated for the new events produced by upstream
operators. Similarly, the variable batching technique that relies on our stream-aware memory
management design amortizes the overhead costs of scheduling, data fetching, and function calls
over multiple events, saving CPU resources due to reduced overhead per event. This indicates the
beneficial effect of efficient CPU resource management on memory resources, and vice versa.

To illustrate the benefits of our approach, we deploy a single query running the Linear Road
Benchmark (LRB) [6] on our system Enjima with an input rate of 5 million events per second to
observe the effect of Enjima’s integral CPU and memory management techniques.! We compare
Enjima’s performance to conventional thread-based scheduling (TQ) and state-based scheduling
(SQ) with both of these using standard queue-based memory management [2]. We also run the
experiment with Enjima’s memory management but with (conventional) thread-based scheduling
(TM), and the open source SPE Apache Flink. The results in Fig. 1 show that Enjima’s combination
of CPU and memory management techniques offers greater scalability, and therefore large scale-up
performance increases by at least by two orders of magnitude for latency and 4x for throughput
than using conventional thread-based scheduling and memory management. It also demonstrates
that the performance benefit of integrated CPU and memory management exceeds the sum of
performance gains that can be achieved by managing each resource in isolation. This highlights the
importance of a holistic stream-aware design that adaptively manages both compute and memory
resources together to achieve high performance for SPEs running on commodity machines.
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Fig. 1. Latency and Throughput for a single LRB query

In this paper, we incorporate the aforementioned design considerations to present Enjima,
our SPE that utilizes stream-aware compute and memory management techniques to achieve
low-latency stream processing while delivering high throughput. We summarize the contributions
of our paper as follows:

(1) We present Enjima, a modern SPE that utilizes fine-grained stream-awareness for efficient

management of both CPU and memory resources.

(2) We propose a block-based memory layout that is leveraged for efficient transfer of data

between operators with variable batching.

(3) We propose an adaptive, stream-aware, state-based runtime scheduling algorithm and a

scheduling policy that jointly optimizes for throughput and latency.

ISee Sec. 5.1 for the experimental system specifications/environment
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(4) We demonstrate the performance benefits of Enjima’s design through extensive experiments
using benchmark workloads.

In the next section, we introduce the relevant background concepts of stream processing, runtime
operator scheduling, and memory management. We present the design and algorithms of Enjima
in Sec. 3 and describe the system implementation in Sec. 4. We evaluate the performance of Enjima
in Sec. 5, and discuss related work in Sec. 6 before concluding in Sec. 7.

2 Background

In this section, we discuss the processing models of SPEs and their approaches to memory manage-
ment and runtime scheduling.

2.1 Data Stream Processing Models

SPEs consist of stream-specific operators that ingest events from one or more upstream operators
in a DAG-structured pipeline and produce output events for ingestion by one or more downstream
operators. An operator consumes events or records of a particular type with a fixed set of attributes
from one or more input streams, applies user-defined logic to all of its input events, and produces
events of its output type to its downward streams. There are two models of computation supported
by a stream processing operator, namely, the continuous processing model and micro-batching
model [3, 7, 11, 12, 54].

In the continuous processing model, the operator consumes and processes events continuously,
typically one event at a time. SPEs such as Apache Flink [12] and Apache Storm adopt this mode of
processing. The micro-batching model or the bulk-synchronous parallel (BSP) model follows the
MapReduce paradigm [21]. The processing happens in stages where the system partitions the input
stream for a particular stage into multiple small batches and applies the operator logic on them.
A downstream synchronization barrier allows the output of these parallel batches to be collected
and prepared for the next operator or stage. SPEs such as Apache Spark [7, 54], Drizzle [51] and
Saber [33] rely on this model of computation. StreamBox [39] also follows a micro-batching model,
but does not strictly fall into the category of BSP computation since its containers are processed
asynchronously based on their epoch.

The micro-batching model can suffer from synchronization delays as operators or computations
are required to block until all parallel computations from the previous stage are complete, which
leads to improved throughput but increased latency [50, 51]. In contrast, the continuous processing
model avoids such synchronization costs but incurs higher processing overheads per event, leading
to a throughput trade-off for lower latency.

2.2 Memory Management in SPEs

Memory management in SPEs can be primarily divided into state management and managing
memory required for data exchange between operators. SPEs interpret the logic of each operator
separately and utilize some in-memory data structure such as queues or buffers [2, 4, 12, 27] to hold
in-flight data that is produced by an operator and yet to be consumed by a downstream operator.
This mode of operation is referred to as interpretation-based query execution or simply query
interpretation [55]. It is desirable to have large queues or buffers for inter-operator data exchange
to prevent backpressure from sudden input bursts and ensure stable throughput characteristics
[43]. However, in-memory queues and unmanaged buffers suffer in performance when the size of
the data structure does not fit in the processor cache [55].
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2.3 Runtime Scheduling

Runtime scheduling in SPEs can be done at the granularity of a query, an operator, or an event
[13]. Efficient processing of streaming workloads requires dynamically allocating CPU resources,
which requires frequent updates to scheduling decisions. A scheduling algorithm for an SPE can
be epoch-based [31, 38], where the priority of the elements to be scheduled are recomputed at
pre-defined intervals, or it can compute the scheduling decision on demand when required by the
system. Klink [23] utilizes an epoch-based scheduling mechanism, whereas StreamBox’s [39] work-
stealing scheduler requires on-demand decisions whenever a worker thread is idle. On-demand
decision making can contribute to significant scheduling overhead if frequent decision making is
required for a large number of scheduling elements.

Popular open source SPEs such as Apache Flink [12] rely on thread-based scheduling where
each operator is executed by a separate kernel thread and their scheduling is handled completely
by the OS. State-based scheduling in SPEs tracks and utilizes the collective state of its streaming
operators to derive an operator execution order based on some scheme or policy [14]. Existing
state-based scheduling policies target only a single performance metric such as throughput [47],
average latency, average slowdown, memory utilization [8], or the time to event deadline [35].

In epoch-based scheduling of operators, the algorithm can be either preemptive [45] or non-
preemptive [53]. A preemptive algorithm suspends the execution of a particular scheduled query
or operator on arrival of a new event or at the boundary of an epoch and immediately executes
the query or operator that is scheduled next, whereas a non-preemptive algorithm executes the
next scheduled portion of work only after the CPU is released by the current task [10, 28]. A
preemptive algorithm can prematurely interrupt the currently scheduled task or operator, while a
non-preemptive algorithm might act on stale information if a considerable time has passed since the
scheduling priorities were last updated. For a non-preemptive algorithm, it is important to specify
the amount of work that has to be completed before a worker returns control to the scheduler, where
the amount of work can be a time quantum or the number of events to be processed. Specifying
the number of events to be processed can result in CPU resource allocation variations for each
schedule even for the same operator as operator characteristics can vary based on the state of the
stream progression. However, it provides more fine-grained control on the number of events that
need to be processed for each scheduled run.

3 Enjima Design

Enjima introduces novel integration of block-based memory management and adaptive state-aware
scheduling to jointly optimize throughput and latency. In Enjima, four subsystems work together to
efficiently process streaming data at runtime. The Execution Environment handles query submission,
operator pipeline creation, and deployment. The Memory Manager provisions and manages system
memory for data transfer between operators. The runtime execution of each operator in the pipeline
is handled by the Scheduling Framework while the Profiler collects relevant system, operator, and
pipeline metrics that are utilized by various subsystems. This high-level design is depicted in Fig. 2.

The Execution Environment handles the lifetime of a streaming query and also provides an API
for the user to interact with the system. It consists of an Execution Engine that accepts streaming
queries submitted by the user. Its API allows users to implement their user-defined logic for
common operator types such as filters, windows and projections to define and declare the query
pipeline. At the time of query submission, the pipeline is validated and registered with the Memory
Coordinator, the Scheduling Framework, and the Profiler by the Execution Engine. The Memory
Coordinator provisions an initial amount of memory for data transfer between operators before
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Fig. 2. High-level Design of Enjima

query deployment. Once the query is initialized, the Execution Engine activates the pipeline and
signals the Scheduling Framework to start query execution.

Enjima uses state-based scheduling of operators where the scheduling algorithm and policy
of the Scheduler guide a fixed number of worker threads to efficiently manage available CPU
resources. The state of the system is derived from runtime operator metrics such as operator cost,
selectivity, number of pending events as well as system metrics such as the number of available
cores. Additional system metrics, e.g., CPU utilization, memory utilization, and the number of page
faults, are used to understand system performance and behaviour. This functionality is provided by
the lightweight Profiler that runs within the system.

During query execution, each operator will consume events from its input stream(s), execute
the user-defined or system-defined operator logic on the input data and produce output to its
output stream(s). Input streams and output streams for an operator are maintained as a sequence
of memory blocks and an operator accesses events from only one memory block of a given data
stream at a time. An operator reads events in order from the current input block for a given input
stream and writes to the current output block of the output stream in the order they are produced.
The operators of the deployed pipeline directly interact with the Memory Manager to request and
return memory blocks. For stateful operators such as windows and joins, the memory required to
maintain the operator and window state is allocated and handled by the operator itself.

3.1 Memory Management

Enjima uses a block-based memory management design that enhances cache locality to exchange
data between streaming operators. We allocate memory in chunks to reduce frequent allocations
and ensure that an operator reserves additional memory only as needed. However, a chunk can
be too large to fit in the L1 or L2 cache of a CPU core, leading to suboptimal performance [55].
Therefore, a chunk of reserved memory is further divided into multiple fixed-size blocks that can fit
into the cache of a CPU core. This design breaks the computation into small tasks, allowing an
operator to exploit the memory layout to efficiently process a batch of streaming events with good
cache locality. A block is aligned to the processor cache-line size to avoid false-sharing between
different memory blocks.

A memory block has a 64-byte preamble after which the data region is sized to hold up to a
maximum of N fixed size events of a particular type. A memory chunk consists of its own 64-byte
preamble and K memory blocks of a particular type. Both N and K are configurable parameters.
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For a given operator O; that produces output records of size R;, its output memory block size
B; is derived as 64 + N; X R; and the output memory chunk size M; is derived as 64 + K; X B;.
Co-location of metadata and data records in the same memory region helps to further improve the
cache efficiency when processing a memory block.

Memory Coordinator
Chunk recycled Chunk preallocated

G) MMM N1

Write Batch Read Batch

[ ] Memory Chunk Metadata
I ] Empty Memory Block

B Memory Block Metadata
[0 Memory Block Data region

Streaming Record Being Written
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Fig. 3. Memory Management in Enjima

A streaming operator is able to efficiently read and write data sequentially and access subsequent
memory blocks by simply incrementing a pointer atomically during runtime. Since the memory for
a chunk is contiguous, this strategy minimizes the overhead of maintaining and accessing memory
blocks. Only a single writer-thread and a single reader-thread can access a memory block at any
time, eliminating any thread synchronization overhead that would otherwise be required if multiple
reader-threads and writer-threads were allowed concurrent access to the same block. An operator
can have one active input memory block per stream from which it reads the data and one active
output block to which it writes the processed data.

The Memory Coordinator handles reserving memory on behalf of an operator and providing
access to the input and output memory chunks of an operator in the correct order. When an
operator has processed an entire input memory block, the Memory Coordinator will be notified.
Upon detecting that the final block of a memory chunk has been consumed, the Memory Coordinator
recycles the chunk for re-use as shown in Fig. 3. At the same time, the operator will request the
next readable memory chunk from the Memory Coordinator. If the next readable chunk is available,
the Memory Coordinator will return the pointer to the first block of that chunk so that the operator
can continue processing.

An operator that has finished writing to the last block of a chunk will request a new block from an
empty chunk from the Memory Coordinator. The Memory Coordinator will return the pointer to the
first block of an already read chunk that has been marked for re-use or of a newly allocated chunk
depending on availability. This strategy allows an operator to re-use already allocated memory
chunks that are available while still having the ability to allocate more memory and continue
processing if the downstream operator is not freeing up its input chunks in a timely manner.

An operator can be assigned only a user-defined maximum number of active output chunks at a
given time. This is so that the memory footprint of the system does not start to grow indefinitely
due to, for example, a bottlenecked downstream operator or a sudden burst of input events. Once
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this threshold is reached, the Memory Coordinator will not provide any newly-allocated memory
chunks to the operator and the operator will be effectively backpressured until an already allocated
chunk is freed up.

3.1.1  Eager Memory Allocation. Our eager memory allocation technique moves the logic for al-
locating memory chunks required for storing the output of an operator outside of the critical
processing path and anticipates future memory requirements to make the allocation beforehand.
This is performed efficiently by using a separate memory allocator that queues up memory alloca-
tion requests and completes them with a separate background thread. This design avoids thread
synchronization overheads within the memory allocation logic since all memory chunk allocation
requests are handled by a single designated thread.

An operator that produces output is initially allocated two memory chunks at the time of query
deployment. When an operator requests an empty memory chunk, the Memory Coordinator checks
if it is assigning the last available chunk for that operator and if so, enqueues a memory chunk
allocation request that wakes up the background allocator thread. This thread reserves memory for
that chunk, initializes the memory blocks, and hands over the chunk to the Memory Coordinator.
This design allows the Memory Coordinator to request the asynchronous allocation of the (n + 1)
chunk while providing the n*" chunk to the operator (Fig. 3), allowing the next chunk to be allocated
and made available before it is needed.

3.1.2  Variable Batching. With its continuous processing model [54], Enjima uses a variable batching
technique that processes a subset of the input events in a memory block in a batch to improve the
overall throughput of the system with minimal impact to latency.

Upon being scheduled to run, an operator first checks the number of unprocessed pending input
events N,, in its active input block(s) and the number of processed events that can be written to
Ny free event slots in its active output block. The size of that batch is the minimum of N, and Ny.
Once the batch size is determined, the events are read from the memory block as a batch, processed,
and then written to the output memory block as a batch. The size of a memory block constitutes
the maximum batch size for a given operator.

This technique allows Enjima to process any unprocessed events that are already available
without having to wait until a predefined batch size or a predefined time quantum is reached. We
size the batch to be the minimum of immediately accessible memory of active input and output
blocks, thus promoting cache locality and minimizing additional accesses to main memory during
the processing of the batch.

3.2 State-Based Scheduling

Effective runtime scheduling requires careful consideration of the trade-offs discussed in Sec. 2.3
for efficient (low-overhead) CPU utilization. We consider these trade-offs in designing a state-based
runtime operator scheduler that combines latency-driven prioritization with throughput-focused
eligibility. In our approach, priority is assigned to operators based on a priority equation and a set
of eligibility criteria that rely on the state of the SPE.

Enjima uses a background thread that runs periodically to conduct maintenance tasks and update
operator priorities. The time between two such consecutive operator priority updates is defined as
a scheduling epoch. During each periodic execution of the scheduling thread, scheduling metrics
are computed and updated over the current epoch, newly deployed operators are incorporated into
the scheduler, and the priorities of all active query operators are updated for the next epoch.

Recall from Sec. 2.3 that epoch-based scheduling requires either a preemptive or non-preemptive
scheduling mechanism. Preemptive scheduling incurs additional overhead due to the thread synchro-
nization required at preemption. It can also potentially discard partial results, leading to increased
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context-switching overhead and wasted computation. Non-preemptive scheduling returns after
completing the assigned task(s) without additional synchronization requirements. Therefore, we
use non-preemptive scheduling where the worker voluntarily yields control to the scheduler when
specific conditions are met. In Enjima, each worker queries the scheduler to determine which
operator it should execute next, executes it until the specified number of input events have been
processed or until the operator gets blocked, and then returns to the scheduler for more work. If
there is no more work to be done for the next epoch, the worker thread blocks until it is woken up
again in the next epoch.

The scheduling priority of an operator is computed based on the currently active scheduling
policy. Enjima uses a latency-optimized scheduling policy that is described in more detail in Sec.
3.2.1. The details of our non-preemptive state-based scheduling algorithm for worker threads is
described in Sec. 3.2.2.

3.2.1 Latency-Optimized Scheduling Policy. Enjima uses a global scheduling policy that targets
minimizing average latency with non-preemptive scheduling to achieve low-latency data stream
processing, while utilizing a set of scheduling eligibility criteria to minimize scheduling overhead
to improve throughput. It has been established [14, 46, 47] that to improve average latency, in-flight
events need to be pushed out of the system while incurring minimum additional latency. Therefore,
we prioritize the operators that incur the least additional latency to produce an event from the sink
operator of the pipeline. For this, we use the output cost of an operator as an optimistic estimate of
the additional latency that will be incurred to push a single event out of the pipeline by processing
the pending events of that operator. To ensure effective CPU resource allocation between multiple
concurrent queries, we incorporate a weighted latency gradient into our equation to proportionally
prioritize slower queries.

The output cost for a given operator O; is defined in terms of its output selectivity S;, operator
selectivity s; and processing cost c;. Operator selectivity s; is defined as the average number of
output events produced by consuming 1 input event and the processing cost ¢; is defined as the
average time taken to process 1 input event. We then use Eqn. (1) to compute the output selectivity
and Eqn. (2) to compute the output cost of each operator at a given time where D(i) denotes all
operators immediately downstream of operator i. The weighted latency gradient W(Q;) of the j**
query Q; is calculated by taking the gradient or the change in average latency over a given time
(VAug(L(Q;))) and bounding it to a range of [0.9,1.1] as given in Eqn. (3).

S = $i X MaXgep(i) Sy if i is not a sink operator (1)
l_ S otherwise
Ci Ck L os e .
S + 2keD(i) 5 if i is not a sink operator @
2—:’ otherwise
max(min(VAvg(L(Q;)), 1.0),—1.0)
W(Q;) = : +1 3)

10.0
However, prioritizing operators solely based on output cost leads to frequent context-switching,

and in turn, performance degradation due to increased scheduling overhead. We incorporate
multiple scheduling eligibility criteria and utilize an event-count-based non-preemptive scheduling
strategy to amortize the cost of scheduling and context-switching over a larger number of events.
This policy effectively attempts to optimize the scheduling decisions to balance throughput and
latency gains based on the system state.

The priority of an operator i, P(O;) is then defined as & x W(Q);) so that the operator with the
lowest output cost in the pipeline with the highest latency gradlent always has the highest priority.
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Our policy strives to minimize this overhead by designating a worker to process a precomputed
number of events during a run and relying on scheduling eligibility to avoid scheduling recently
executed operators having insufficient pending events.

Even though scheduling a single event at a time increases the overhead, scheduling a fixed number
of events for any given operator favours those with high processing costs but can starve CPU
resources for operators with smaller processing costs. Such CPU-starved operators can bottleneck
the pipeline to increase latency and trigger backpressure. Therefore, it is important to specify the
number of events to be processed during a scheduled execution based on operator characteristics.

Ideally, worker threads should fetch work from the scheduler immediately after the start of
an epoch so that up-to-date metrics and priority computations can be utilized to make accurate
scheduling decisions. To (i) give each operator a reasonable quantum of CPU time that avoids
frequent context-switching between operators, and (ii) guide all the workers to return to the
scheduler at an epoch boundary, we derive Nyoc, the maximum number of events to be processed
by a scheduled operator before it returns to the scheduler using Eqn. (4). The N, threshold
specifies the minimum number of events to be processed, t; denotes the time at which the scheduler
thread is scheduled to run next, and ¢ denotes the current time.

Nproc = {max(%,NmM) ift < ts‘ @
Nin otherwise

Even if we schedule an operator to process Nj,oc events, an operator can process less and return
to the scheduler due to no further input. This increases the proportion of CPU resources wasted
due to their underutlization for actual operator processing. We mitigate this effect by specifying
a minimum threshold of pending events, defined as the event threshold (ET), required before an
operator is considered eligible for scheduling. The application of the event threshold in itself can
lead to starving CPU resources for low-input-rate operators and affect overall pipeline latency.
Therefore, we also introduce idle threshold (IT) as the maximum time an operator with input events
below the event threshold is considered eligible. An operator that has been idle for more than IT is
considered for scheduling regardless of its ET criterion. An operator is also considered ineligible
for scheduling if it is being reported as backpressured. All of these criteria are applied to compute
scheduling eligibility of each operator, as shown in Algorithm 1.

Algorithm 1: Eligibility Computation Algorithm
Data: currOp, eventThreshold, idleThreshold

1 nPending < CalcPending(currOp);

2 bp < BackPressured(currOp);

3 if bp then

4 ‘ return false

5 else

6 lastSched « LastScheduled(currOp);

7 now <« GetTime();

8 idleTime < now — lastSched;

9 if idleTime > idleThreshold or nPending > eventThreshold then
10 ‘ return true

11 else

12 L return false
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The ET and IT is adjusted periodically based on its current value and the positive or nega-
tive latency gradient of a query. Increasing the threshold values when the latency gradient is
positive favours scheduling least recently scheduled operators with a high number of pending
events.Alternatively, decreasing the values on a negative latency gradient favours frequent sched-
uling of operators with a low number of pending events for improved overall pipeline latency.
Based on this observation, the adjustment to ET, AET is defined as in Eqn. 5, where ET,qx step is
the maximum adjustment at a time, and ET,,,y is the maximum event threshold. The adjustment to
IT is calculated similarly, where all of the ET terms are replaced by their corresponding IT terms. If
the adjustment results in an increase in the latency gradient, the thresholds are reverted to their
previous values to prevent performance degradation from overadjustment.

min(VAvg'(L(Qj)) X ET, ETmaxfstep)
AET = if0 < ET + AET < ETpax (5)

0 otherwise

Example: we illustrate the behaviour of our state-based scheduling policy using a representative
example. A five-operator streaming pipeline is initially in the state depicted in Fig. 4. The cost,
selectivity and the number of pending events at the start for each operator is provided in Table 1.
The event threshold is assumed stable at 4 and the idle threshold at 5 ms. The block size is 4 and all
operators have been idle for 0 ms.

As stated earlier in the section, Enjima gives higher priority to downstream operators with a
lower output cost to improve average latency. However, a single worker thread executing this
pipeline will not execute operator E with the lowest output cost due to not satisfying the event
threshold. Therefore, C with the next lowest output cost will be executed for 2 ms to process its
4 pending events due to batching. D will be scheduled next as E still has only 3 pending events.
Assuming only 1 output event was produced by each of C and D, E will now satisfy the event
threshold and will be executed for another 2 ms due to its lower output cost. Note that this execution
sequence of C — D — E resulted in processing all pending inputs of C, D and E while incurring
the cost of 3 scheduling decisions and 3 context-switches. If the event threshold criterion was not
present, E would be executed first due to its lower output cost and the execution sequence would be
E - C —» E — D — E. This would have resulted in 5 scheduling decisions and context-switches
each, resulting in extra overhead to do the same amount of work.

Either schedule would have processed 12 events by now, which would have taken 6 ms (number
of events X operator cost) at the least. Therefore, B is executed next even though its event threshold
criterion has not been satisfied because it had been idle for more than the specified idle threshold
of 5 ms. We note that if the idle threshold criterion was not present and only the event threshold
criterion was enforced, B would have been further deprived of compute resources until events
from A are processed. This would have effectively starved operator B, leading to increased overall
pipeline latency. Thus, the idle threshold criterion ensures that operators do not starve due to
the effect of the event threshold criterion. A will be scheduled last even though it met the event
threshold criterion from the start due to its high output cost. The execution order of operators for
Enjima and the Min. Latency [14] algorithm processes a total of 18 events in the light grey columns
of Table 1. As shown in the table, Min. Latency has to make 8 scheduling decisions while Enjima
only needs 5 to do the same amount of work, which highlights the efficiency of Enjima.

3.2.2  Non-preemptive State-Based Scheduling Algorithm. We describe Enjima’s non-preemptive
state-based scheduling algorithm that is used to schedule workers to operators in this section.
Whenever a worker returns to the scheduler, it considers both the operator priority and scheduling
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Fig. 4. State-based scheduling: 5-operator example

Operator \ Cost \ Selectivity \ Pending ‘ Enjima | ML

A 0.5 1 4 5 -

B 0.5 1 2 4 6

C 0.5 0.25 4 1 2,7
D 0.5 0.3 4 2 4,8
E 0.5 1 land 1 3 1,3,5

Table 1. Operator state parameters and scheduling order (in light grey) for example in Fig. 4

eligibility before an operator is selected for execution. The priority and eligibility computations are
based on the scheduling policy described in Sec. 3.2.1. The worker thread’s scheduling algorithm is
shown in Algorithm 2.

Algorithm 2: Enjima’s Scheduling Algorithm

Data: schedulingPolicy, schedulerQueue
1 currOp « null;
2 toProcess « 0;

3 while running do

4
5

N-IECCIES

10

11
12
13
14
15
16

if currOp # null then
UpdateMetrics(currOp);
if schedulingPolicy.IsEligible(currOp) then

else
L currOp.priority < 0;
| schedulerQueue.Push(currOp);

currOp « schedulerQueue.Pop();
if currOp # null then
toProcess «<— schedulingPolicy.NumToProcess();
ProcessOp (currOp, toProcess)
else
L block until signalled by scheduler thread

‘ currOp.priority « schedulingPolicy.CalcPriority(currOp);
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Initially, a worker thread enters the tight loop in line 3 of Algorithm 2 without an assigned
operator and attempts to dequeue the highest priority operator from the scheduling queue (line 11).
The scheduling queue is a concurrent priority-queue-based data structure used to maintain the
priority of the active operators and returns the next eligible highest-priority operator when queried.
If an operator is available to be scheduled, the worker will compute the number of events to process
(line 13) based on the policy described in Sec. 3.2.1 using Eqn. 4, and process the specified number
of events for the selected operator (line 14). Otherwise, the scheduling queue will return null and
the worker will block until the start of the next scheduling epoch.

It is possible for a scheduled worker to return before the current epoch finishes due to com-
pleting the specified amount of work early, unavailability of input events, or backpressure from a
downstream operator. A worker returning under such a condition will not have up-to-date priority
information or other relevant scheduling metrics if the scheduling period is comparatively large. To
prevent scheduling decisions being made from stale metrics in these situations, the worker thread
first updates the metrics of the scheduled operator (line 5). It then checks for operator eligibility
as outlined in Algorithm 1 of our scheduling policy (Sec. 3.2.1) and computes the priority for the
current operator state (line 7). If the operator is ineligible to be scheduled, its priority is set to 0.
The scheduled operator is then re-enqueued to the scheduling queue (line 10) before selecting the
next eligible operator with the highest priority for execution (line 11). This strategy ensures that
the scheduler has an up-to-date view of the system state at any given time, achieving more accurate
and dynamic scheduling.

4 System Implementation

Enjima is a scale-up SPE written in 14k lines of C++ code and statically linked as a library [24] to
the user application to define and execute streaming queries. Enjima’s API follows the convention
of the DataStream API of Apache Flink where a user needs to provide only the user-defined logic
and the configuration to define a pipeline of operators that form a streaming query. The operators
and user functions make use of C++ templates to infer the event types at compile time, which is
then used to determine the type information and the size of memory blocks.

We use the Linux mmap system call to allocate a contiguous block of memory when allocating
memory chunks. The MAP_POPULATE flag is used to ensure that the page tables are populated at
the time of allocation, which helps move the cost of a minor page fault out of the critical path due
to our eager memory allocation mechanism. Memory blocks and memory chunks are aligned to
the hardware cache line size to prevent false sharing.

We additionally implement a queue-based memory management mechanism for data transfer be-
tween operators. The widely-used queue-based mechanism [2, 12, 27] is a baseline for experimental
comparison against Enjima’s memory management techniques.

Worker threads of our state-based scheduling mechanism use thread-local variables to track
thread-specific state and our internal data structures make use of lock-free atomic operations
where possible to reduce any overhead from thread synchronization. Due to these design choices, a
worker thread is never blocked when inferring the next operator to be scheduled. We maintain our
scheduling metadata in contiguous memory regions for better cache locality and align the metadata
allocations to the boundary of a cache line. We estimate (i) the operator cost by dividing the number
of events processed by the CPU time elapsed, and (ii) the selectivity by dividing the number of
input events processed by the number of output events produced within the measurement interval.
These metrics are computed (configurably) every 50 ms, while all of the others are computed at the
time of access to provide the scheduler with accurate metrics that reflect the current system state
when scheduling decisions are made.
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Enjima implements all commonly used operator types including filters, maps, tumbling windows,
sliding windows, window joins, window co-groups, sources and sinks. Our window join operator
implements Symmetric Hash Join [30]. The sliding window implementation computes window
aggregates per window pane [34].

Our prototype implementation of Enjima only supports processing events in order. Stateful
operators such as windows and window joins keep track of the largest timestamp of the observed
events to observe event time progression.

The memory blocks make use of read/write pointers that are atomically incremented to ensure
that any events written into a block is consumed only once. The number of pending events is
computed as the distance between these pointers. The read pointer never moves past the write
pointer to ensure correct synchronization. Additionally, the Memory Coordinator tracks atomic
flags in a memory block to verify that all events are read before a block is re-used. The operators
check for output block availability before processing a batch of events and have additional overflow
buffers to ensure that any event produced is processed once and guarantee exactly-once semantics.

5 Performance Evaluation

In this section, we evaluate Enjima under various configurations and on well-known streaming
benchmarks to understand the scale-up performance benefits from efficient management of CPU
and memory resources.

5.1 Experimental Setup

We conduct our experiments on a server machine running two Intel Xeon E5-2620v2 processors
with a total of 32 GB of memory. Each processor has 6 physical cores (12 cores with hyper-threading)
and provides 15MB of Last Level Cache (LLC). All of the code is compiled using GCC 13.3.0 and
executed on Ubuntu 24.04.1 LTS running Linux 6.11.0-25 as its kernel. We use Apache Flink 1.16.3
running on the OpenJDK Java 64-bit Server VM version 21.0.7 to run all experiments related to
Flink. Our performance results for Flink are with checkpointing disabled so that it does not add
any performance overhead during measurements.

Our experiments focus on measuring throughput and latency as the primary metrics to evaluate
the performance of all systems. We measure query processing throughput, which is defined as the
number of records that can be processed by a system in one second [22]. We inject latency markers
every 50 ms at the point of event generation and report the average event time latency in all of our
experiments that compare Enjima against other scheduling policies.

5.1.1 Benchmarks. We evaluate all systems using popular benchmarks: the Yahoo! Streaming
Benchmark (YSB) [18], Linear Road Benchmark (LRB) [6], and New York City Taxi (NYT) [55].

YSB is a linear pipeline that consists of a source, a filter, a map, a static-join, a tumbling window,
and a sink operator that simulates an advertisement analytics task for a smart advertisement
placement campaign. Per configurations in [17, 18], we simulate 100 campaigns with 10 ads per
campaign. We utilize 64-bit numerical types to represent attributes of an ad event and perform the
join operation with the campaign id [22, 49, 55].

LRB simulates an expressway system with queries for toll and accident processing as well as
historical analysis [6]. Our implementation focuses on the stream-processing components of toll
computation and accident detection comprising 10 operators. A source ingests all LRB events,
followed by a filter that selects position reports and a map operator that extracts relevant attributes.
The stream is shared with three sub-streams: one detects accidents using a filter and a sliding
window, while the other two use tumbling windows to compute the average vehicle speed and
count per direction in a segment within a time window, aligning naturally with tumbling window
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computations. These outputs are window joined to generate toll reports, which are then co-grouped
with accident data using a window co-group operator to produce the final toll reports per expressway,
segment, and direction. We use the original driver-generated 3-hour data set to generate the input.

The NYT benchmark is based on a large dataset of taxi trips in New York City (NYC) [52].Itis a
rich dataset that consists of information regarding trip times, distances, number of passengers, and
fare in addition to pick-up and drop-off locations of taxi trips. We implement the NYT benchmark
query from [55] that reports the number of trips and their average distance per cell for the vendor
VTS for trips having distance larger than 1 mile. We define a cell as a square region of 250m X
250m within NYC [29]. We use the NYC taxi trips for the month of January from 2013 as the base
data set for the in-memory generation of input events. The pipeline consists of a source, map, filter,
tumbling window, and a sink operator.

5.1.2  Scheduling Policies. We implement five popular scheduling policies in addition to the default
thread-based scheduling policy and the latency-optimized state-based scheduling policy of Enjima:

e First-Come-First-Serve (FCFS) : Processes operators in order of their event arrivals, and
returns as soon as an event or a batch of events has been processed before selecting the next
operator in order.

e Min. Latency (ML) [14] : Always selects the operator with the lowest output cost.

e Min. Cost (MC) [14] : Selects operators based on post-order tree traversal with the sink
operator being considered as the root node.

e Round Robin (RR) : Considers each operator in round robin fashion, processes a block of
events, and returns to the scheduler to process the next operator in sequence.

e Highest Rate (HR) [46] : Prioritizes operators based on their global output rate.

For the benchmarking experiments in this section, to have an apples-to-apples comparison,
we run these policies with our proposed memory management technique so that any reported
performance difference is solely due to the impact of the scheduling policy.

5.2 Results

We study the performance of Enjima against other algorithms and systems by running a series of
different experiments. Each experiment is run for 5 minutes. We ignore the first and last 30 seconds
of each run and collect metrics while the system is running in steady state. Each data point in
the graph represents the average of 5 independent runs and error bars represent 95% confidence
intervals around the means.

Recall from Sec. 3.2.1 that Enjima dynamically adjusts the event threshold (ET) and idle threshold
(IT) values based on the latency gradient. Since the system needs to start with initial values, we
initialize ET to 1000 and IT to 1 ms and their maximum values to 10000 and 100 ms respectively
for all experiments. The maximum adjustment value for ET and IT is set to 1000 and 10 ms. The
optimal scheduling period was determined to be 1 ms for state-based scheduling, while the memory
block size to be 384 events per block, and the chunk size to be 4 blocks per chunk. Sec. 5.3 includes
a sensitivity analysis of the relevant parameters.

In the sections that follow, the stated input rate corresponds to the target input rate and the actual
rate of ingestion is the reported throughput. The input rates for each experiment were empirically
determined based on the maximum load that could be handled by the best performing system for
the provisioned resources.

5.2.1 Scalability with multiple queries. In our first experiment, we evaluate the performance of MC,
RR, FCFS, ML, and HR against Enjima. For each system or configuration, we increase the number of
concurrent queries deployed while keeping the input rate per query fixed (Fig. 5). The queue-based
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memory management implementation with thread-based scheduling (TQ) is our default baseline
configuration.

In our query scaling experiments for LRB, we maintain the default input rate of 3 million events
per second per query. All scheduling policies that had sub-second latency at 2 queries experience
an order of magnitude increase beyond that except for Enjima. Enjima maintains its latency below
250 ms up until 8 queries, thereby demonstrating its enhanced scale-up performance capacity over
other systems (Fig. 5a - latency graph). At 6 concurrent queries, Enjima’s latency is about 17x
better than that of (second-best) FCFS while processing 1.2X more events per second (throughput
graph of Fig. 5a). Enjima delivers a maximum throughput of 20.74 million events per second at
8 queries which is almost 1.4x the throughput of MC while maintaining a latency advantage of
about 1.4%. FCFS, HR, and ML have almost the same or slightly worse latency performance to that
of MC while RR’s performance degrades as the number of queries increase. Enjima outperforms
the baseline configuration of TQ by 4.5 for latency and 3.4x for throughput when running 10
concurrent queries. RR’s throughput degrades significantly after reaching saturation at 6 queries,
unlike other scheduling policies.

Enjima outperforms techniques such as ML, HR, RR, and FCFS because they are not stream-aware
and they aggressively context-switch between operators within each scheduling epoch due to the
absence of scheduling eligibility criteria, leading to increased scheduling overhead as the number of
concurrent queries are increased. MC avoids frequent context switching, allowing it to outperform
other techniques except Enjima for a computationally heavy workload such as LRB. Yet, MC is
unable to match Enjima’s performance because it does not utilize stream-awareness to prioritize
downstream operators to flush out the pipeline at high input loads. The baseline configuration
fails to match the performance of any of the other strategies due to its stream-unaware memory
management and runtime scheduling strategies. The queue-based memory management strategy
suffers from runtime overhead stemming from memory allocation on the critical path and poor
cache locality due to non-contiguous memory access. As the number of threads exceed the number
of available CPU cores, the overhead from frequent context-switching between threads also has a
significant impact on latency. Therefore, TQ saturates the system nearly to its maximum capacity
at 2 concurrent queries. Only a marginal increase in throughput and a corresponding increase in
latency is observed as the number of queries increase. Given that LRB is a computationally complex
benchmark, all configurations reach their maximum throughput before the peak input load and
show performance degradation to varying degrees at 10 queries.

For YSB, we maintain the default input rate of 12 million events per second per query for all
systems under test. In the latency graph of Fig. 5b, Enjima is able to maintain latency at or below
1.2 ms for up to 10 concurrent queries, while the latency of HR degrades to more than 1500 ms. At
the same concurrency level, the aggregate throughput of Enjima is almost 94.5 million events per
second while HR is able to process only up to about 67.4 million events per second (throughput
graph of Fig. 5b). ML, HR, MC, and FCFS perform slightly better or same as Enjima for latency at 4
queries due to their frequent context-switching between operators leading to faster scheduling
decisions. As the number of queries increase, Enjima maintains consistent latency and improves
its throughput performance. For the baseline configuration, the system performance is already
saturated at 2 queries, and the event time latency is capped at an upper bound due to the bounded
event source in-memory queue. Enjima outperforms TQ by 1986 for latency while delivering 2.1x
higher throughput at maximum load.

For NYT, the default input rate of 8 million events per second per query is maintained. The
throughput performance has a similar trend to that of YSB (throughput graph, Figure 5c). Enjima
delivers sub-millisecond latency performance up until the query concurrency reaches 8 in the
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Fig. 5. Performance of scheduling policies for LRB, YSB, and NYT benchmarks

latency graph of Fig. 5¢ while all other policies suffer from latency degradation past 4 queries. At
10 queries, Enjima maintains a 9.3X latency advantage and a 2.6X throughput advantage over TQ.

Enjima’s efficient resource management allows it to consistently handle a higher input load with
superior performance unlike other scheduling and memory management techniques that suffer
from an exponential increase in event time across different benchmarks. Even with the memory
management of Enjima, scheduling policies such as ML are unable to match the performance of
Enjima due to the lack of latency-gradient-based adaptivity and throughput-focused scheduling
eligibility criteria.

5.2.2  Dynamic Input Variation. We further conduct a set of experiments to understand how Enjima
responds to dynamic changes in input characteristics during query execution. In the first experiment,
we run LRB and YSB with 6 queries and increase the input rate in step at 60, 120, and 180-second
time points (Figs. 6a and 6b). The LRB experiment starts with an input rate of 0.3 million events
per second per query, which is multiplied in increasing time steps by 2%, 6x and 12X to reach 3.6
million events per second. For YSB, the input rate starts from 1 million events per second per query,
which is then increased at the same time intervals and by the same input rate multipliers as for LRB
to reach 12 million events per second. We capture throughput and latency measurements every 2
seconds for these experiments.

As shown in Figs. 6a and 6b, Enjima consistently maintains low latency and high throughput
under increasing input rates, outperforming other scheduling policies. For LRB, Enjima sustains the
lowest latency, processing about 3 million events per second, while ML and HR degrade to incur
50% higher latency than Enjima while delivering only 1.92 million events per second. The periodic
latency spikes and throughput drops in other policies are due to sliding window computations
that saturate their execution. Enjima avoids such degradation through efficient scheduling that
minimizes context-switching and prioritizes low output-cost operators. At the 180-second mark,
Enjima is able to stabilize its throughput and latency swiftly after an increase in input load due to
its use of fine-grained metric updates and frequent scheduling, enabling rapid adaptation to the
varying system load. The resulting latency increase under higher load is expected as the system
responds to sustain throughput. In YSB, Enjima is able to match the input rate throughout, unlike
other policies that suffer performance degradation after 120 or 180 seconds. Enjima’s latency
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also remains stable despite input rate increases, whereas TQ and other policies suffer significant
degradation, especially at higher input rates.

We also conduct an experiment to understand how dynamic changes in operator selectivity due
to input distribution changes affect performance. We use the YSB benchmark and change the input
distribution every 60 seconds by switching to a differently populated dataset that would double
the number of events to pass through the filter operator in the pipeline, effectively doubling its
selectivity. This also doubles the input rate of operators downstream of the filter. We start with
the YSB dataset and then switch to the 2nd dataset, cycling between them every 60 seconds. As
shown in Fig. 6¢, Enjima is able to maintain stable throughput and latency during the transition
periods due to its ability to re-schedule to prioritize computation. Enjima is able to adapt quickly to
all operator-level variations in input characteristics.
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Fig. 6. Performance when dynamically varying input rates for: (a) LRB (b) YSB (c) YSB with changing operator
selectivity

5.2.3  Scale-up Performance. We evaluate the performance of Enjima against Apache Flink, Stream-
Box [39] and Saber [33] (Fig. 7). We report processing time latency instead of event time latency
for all systems because aside from Enjima, all other systems support the measurement of only
processing time latency. Available benchmark implementations were used to evaluate StreamBox
[16], Saber [15], and Apache Flink [23], setting the number of queries to be the same for all systems.
NYT is not available to run on Saber.

In LRB (Fig. 7a), Enjima achieves up to 13X lower latency and over 34X higher throughput than
Flink at peak load. StreamBox matches Enjima’s throughput at 6 million events per second but
suffers from latencies 3 orders of magnitude higher and fails beyond that due to running out of
memory. Saber performs significantly worse, reaching only 17% of Enjima’s throughput at 8 queries.

For YSB (Fig. 7b) and NYT (Fig. 7c), Enjima maintains sub-millisecond latency up to 8 queries,
with latencies of 1.25 ms and 4.5 ms, respectively, at 10 queries while Flink’s latency ranges from
57-71 ms with throughput between 3-10% of Enjima’s. StreamBox matches Enjima’s throughput
at lower input rates but degrades to 35X higher latency and runs out of memory (OOM) beyond

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 325. Publication date: December 2025.



Enjima: A Resource-Adaptive Stream Processing System 325:19

72 million events per second. Saber achieves only 48% of Enjima’s throughput in YSB. Enjima
consistently delivers superior latency and throughput across all benchmarks.

Flink’s fragmented off-heap buffers cause serialization overhead, garbage collection, and poor
cache locality, leading to early backpressure. Enjima uses contiguous memory with eager allocation
and reuse, reducing overhead and latency. StreamBox’s scheduler lacks pipeline awareness, causing
memory overflows under load, as seen in LRB and YSB. Saber schedules tasks in queue order and
incurs serialization costs despite lazy deserialization. Enjima’s stream-aware scheduler and block-
based memory management enable efficient batching, delivering significantly higher throughput.
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Fig. 7. SPE Performance for LRB, YSB, and NYT benchmarks

5.2.4 Mixed Workload. We evaluate the performance of Enjima and other scheduling policies
under a heterogeneous workload that executes an equal number of queries from each of the 3
benchmarks concurrently. A single query constitutes the complete benchmark of LRB, YSB, or
NYT as described in Sec. 5.1.1. The input rate for each query is set as specified in Sec. 5.2.1 and the
workload is scaled from a total of 6 queries up to 15 as shown in Fig. 8.

Enjima achieves up to 2.77x lower latency in comparison to TQ while achieving a maximum
throughput of 59.1 million events per second, which is 3.31x that of TQ for 15 queries (Fig. 8a).
FCFS incurs almost the same latency as Enjima for 15 queries, but processes only about 43% of the
events that Enjima processes for the same number of queries. The next best performing algorithm,
ML, is able to process about 53 million events per second at 12 queries, which is only 77% of the
throughput that Enjima delivers for the same number of queries. Moreover, Enjima has 4.64x lower
latency compared to ML for that input load. Enjima is the only algorithm that is able to match the
input rate of 45 million events per second at 6 queries and maintains better overall performance
compared to all other algorithms as the number of queries increases because it is able to utilize
the CPU cycles saved from efficient scheduling to balance the computational demands of different
workload types.

Fig. 8b presents the performance breakdown for 9 concurrent queries. Enjima achieves 1.8%, 4X,
and 4.7x higher throughput and 2.2X, 3 and 2 orders of magnitude lower latency than TQ for LRB,
NYT, and YSB, respectively. For LRB, Enjima delivers almost the same latency and throughput
as MC, but MC performs poorly on NYT and YSB with 3 orders of magnitude higher latency
and only 29% and 37% of Enjima’s throughput. MC’s prioritization of upstream operators favours
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query pipelines with more operators such as LRB at the expense of queries with fewer operators
such as YSB and NYT. In contrast, Enjima allocates compute resources more proportionally by
leveraging its operator eligibility criteria and latency-gradient-based query prioritization to deliver
2x higher overall throughput and 2.1x lower average latency for the complete mixed workload.
ML achieves 90% of Enjima’s throughput for NYT with 1.5X higher latency, but is an order of
magnitude slower for YSB and reaches only 80% of Enjima’s throughput. For LRB, ML delivers 38%
of Enjima’s throughput with 2.3 higher latency. Unlike MC, RR, and FCFS on LRB, or HR and ML
on NYT and YSB, Enjima consistently maintains high performance across all benchmarks through
stream-aware scheduling that balances prioritization across diverse query types.
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Fig. 8. Performance of scheduling policies for a heterogeneous mix of LRB, YSB, and NYT

5.2.5 Ablation Study. We conduct an ablation study to understand the individual performance gains
of our memory management and state-based scheduling, as well as the gains due to the integration of
memory management with scheduling. In this experiment, we evaluate the performance of Enjima
running a single query on 2 worker cores with different memory management and scheduling
configurations as the input rate is increased for LRB and YSB (Fig. 9). We constrain the experiment
to a single query and a limited number of cores to isolate the measurements from other effects such
as concurrency. We consider four modes of operation: the baseline configuration with queue-based
memory management and thread-based scheduling from Sec. 5.2.1 (TQ), queue-based memory
management with state-based scheduling (SQ), Enjima with memory management and thread-based
scheduling (TM), and Enjima with memory management and state-based scheduling (Enjima). Note
that SQ and TM are used explicitly for the purpose of the ablation study.

For LRB, Enjima’s mean latency is below 50 ms up to an input rate of 4.5 million events per
second while the latency degrades to more than 4000 ms beyond the input rate of 1.5 million events
per second for all other modes/configurations (Fig. 9a). Enjima is at least an order of magnitude
better than thread-based scheduling techniques (TQ and TM) in terms of latency up until the input
rate is 6 million events per second. SQ has the best latency of 2.3 ms at input rate of 1.5 million
since the overhead due to its event-by-event processing strategy does not overwhelm available
system resources. The maximum latency benefits for Enjima can be observed at an input rate of 3
million events per second, where its latency is 536X, 286X and 267X better than that of TQ, SQ, and
TM respectively. At peak load, Enjima is able to maintain a throughput advantage of 2.2x while
having a mean latency that is 2.2x less than SQ. TM performs significantly better than TQ and has
nearly identical latency as SQ for input rates beyond 1.5 million.

For YSB, there is limited latency degradation for Enjima until it reaches the input rate of 30
million events per second (Fig. 9b). All the other modes of operation experience a significant impact
on latency beyond an input rate of 6 million events per second. Enjima has a mean latency at
least 3 orders of magnitude better than all other modes of configuration for input rates below 30
million events per second. In contrast to LRB, SQ performs worse in terms of latency than TM for
YSB. This is because runtime scheduling is more effective for computationally intensive workloads
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such as LRB while the impact of efficient memory management benefits a more memory-bounded
workload such as YSB.

In terms of throughput, Enjima outperforms the baseline configuration by 6.3x while maintaining
a 2.7x advantage over the next-best throughput of 17.2 million events per second of TM (throughput
graph - Fig. 9b). The maximum throughput of TQ is only 17% of that of Enjima and enabling state-
based scheduling allows that to increase to only 20%. Enabling block-based memory management
increases the maximum throughput of TM by 2.8x to that of SQ. The combination of both memory
management and runtime scheduling techniques allows Enjima to further increase its maximum
throughput by 12.7 million events per second. Due to space constraints, we do not report the results
from the ablation study for NYT as it has similar trends to that of YSB.

These results demonstrate that Enjima’s integrated management of CPU and memory resources
can improve latency up to 2 orders of magnitude over an optimized C++ implementation that
uses queue-based memory management and OS scheduling. Similarly, we observe up to 6.3%
improvement in throughput. Memory management (TM) on its own offers consistent latency gains
up to three orders of magnitude at lower input rates, while demonstrating throughput gains up to
3.3% over the baseline. SQ on its own achieves similar latency and throughput gains to that of TM
for LRB, but fails to achieve significant gains for YSB for reasons explained above. This experiment
demonstrates that integrated CPU and memory resource management yields performance benefits
that far exceeds the gains achieved by the individual management of any one resource.
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Fig. 9. Performance for single LRB and YSB queries

5.2.6 Scheduling behaviour under workload variations. We analyze operator execution times in LRB
averaged over 1-second intervals to study how increased load on window joins affects scheduling.
LRB’s complex, non-linear workload with multiple stateful operators makes it suitable for this
study. Table 2 shows average execution times for each operator under three window duration
configurations: default (row 1), reduced to two-thirds (row 2), and to one-third (row 3). Shorter
window durations increase join processing load by triggering more frequent outputs from window
operators. Rows 2 and 3 report execution time changes relative to the default.

As window duration decreases, the input to join and co-group operators increases, leading to
longer execution times, as expected. Enjima adapts by allocating more scheduling time to these
operators without affecting other operators. When the window is reduced by one-third, join
execution time rises by only 1.17X despite a 1.5X increase in load, showing low sensitivity to
moderate load changes. At one-third window size, execution time scales proportionally with the
3% load increase, demonstrating Enjima’s ability to dynamically adjust computation time based on
input rate and data distribution without compromising execution times for other operators.

Besides the above analysis, for six concurrent queries, we measure the average time a worker
thread takes to compute a scheduling decision and find it accounts for less than 0.1%, 1%, and 1% of
Enjima’s average processing latency for LRB, YSB, and NYT, respectively. Priority computation
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Table 2. Average operator execution time (ms) per second for LRB

overhead remains at meager proportions of average processing latency at 1% (LRB), 8% (YSB), and
7% (NYT). Importantly, since priority computation runs in a separate background thread, it has
negligible effect on event processing performance.

5.3 Sensitivity Analysis on System Parameters

We study the sensitivity of memory chunk size, memory block size, and the scheduling period
on throughput and latency in this section. For all experiments in this section, we use the setup
described in Sec. 5.2.1 but run 6 YSB queries to stress the system with enough load. The input rate
is set to 12 million events per second per query.
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Fig. 10. Sensitivity Analysis of Mean Latency and Throughput for Chunk Size (a, b), Block Size (c, d), and
Scheduling Period (e, f)

As shown in Fig. 10a and Fig. 10b, increasing the number of output blocks per chunk from
the lowest value of 2 results in latency improvements initially. This is because larger chunk sizes
prevents frequent memory allocation and the operator is able to consume/produce events from/to
larger contiguous regions of memory. However, as the chunk size becomes larger than 16, the

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 325. Publication date: December 2025.



Enjima: A Resource-Adaptive Stream Processing System 325:23

latency starts to degrade and there is a slight throughput degradation at 32 blocks per chunk. Since
Enjima has a chunk-wise memory allocation scheme, very large chunk sizes result in under-utilized
chunks leading to memory wastage. Additionally, as the memory region for a chunk is initialized at
the time of allocation, a very large chunk causes a higher number of minor page faults for memory
regions that might not be utilized. A chunk should provide a sufficiently large contiguous memory
region to process multiple event batches without causing memory waste or excessive page faults.
Our experiments show optimal chunk sizes range from 4 to 16.

The performance variation when the block size is increased from 64 to 8192 shows a similar trend
where latency (Fig. 10c) decreases and throughput (Fig. 10d) increases up to a certain threshold
after which significant throughput degradation can be observed. Small block sizes lead to small
batch sizes, which can leave out input events that have already arrived at the operator for the next
batch, leading to increased latency and decreased throughput. Large block sizes would lead to large
batch sizes that cause the computation to block until events are fetched into the CPU, resulting
in degraded performance. A block size in the range of 256 to 2048 events per block gives optimal
performance in our experiments, and we select 384 as a large enough block size with an improved
chance of the entire block being in the L1 or L2 CPU cache at the time of processing.

Both throughput (Fig. 10f) and latency (Fig. 10e) are not sensitive to variations in the scheduling
period up until 5 ms, after which there is significant performance degradation. This is expected
as a shorter period results in frequent scheduling, which ensures eligible operators are scheduled
without delay, allowing the stream to make progress as long as there is input to be processed.
However, a larger scheduling period results in operators getting CPU cycles at longer intervals,
increasing the mean latency and degrading throughput. Given that Enjima can support scheduling
at high frequencies, we set it to 1 ms to allow frequent scheduling decisions that result in lower
latency.

6 Related Work

Recent interest has resulted in multiple works that focus on improving efficiency to boost scale-up
performance. These studies focus on different aspects such as query compilation [55], late or global
merging, aggregate window processing [49], epoch-based out-of-order operator execution [39],
NUMA-aware scheduling and operator placement [57, 58], and utilizing heterogeneous hardware
[33]. In contrast, our work focuses on efficient stream processing with stream-aware state-based
scheduling and memory management. Popular, mature, open-source SPEs such as Apache Flink
[12], Apache Spark [7], and Kafka Streams [5] are JVM-based engines that focus on optimizing
their execution for scale-out stream processing computations, unlike Enjima that targets scale-up.

Approaches to improve the scalability of SPEs through memory management typically reduce
queue-based inter-operator communication via operator fusion and query compilation [49, 55]. In
contrast, Enjima uses a query-interpretation-based architecture with a novel memory-block-based
design that is orthogonal to hardware-specific optimizations or operator-specialized systems. Tra-
ditional batching techniques [7, 20, 56] incur latency due to blocking until batches are complete,
whereas Enjima’s variable batching eliminates this delay, improving both latency and through-
put. Even non-blocking tuple batching [57] introduces delays at the data source, which Enjima
avoids by leveraging memory layout awareness and knowledge of input/output block sizes. Fur-
thermore, while circular buffer-based data transfer used in hardware-focused systems [33] and
window-processing engines [49] rely on fixed-size pre-allocated buffers, Enjima’s block-based
layout supports dynamic memory growth and shifts allocation overhead outside the critical path
through eager allocation.

Effective runtime scheduling is essential for efficient CPU resource management in SPEs. Foun-
dational work proposed cost models optimizing for latency, throughput, and memory [8, 14, 46, 47].
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Min. Latency (ML) [14] minimizes average latency under zero switching overhead, while High-
est Rate (HR) [46] adapts ML for joined/shared streams. Enjima extends ML’s output cost and
selectivity concepts and does not adopt HR’s definitions. These early algorithms assume per-event
scheduling, which is not practical due its overhead. Techniques like train scheduling, superbox
scheduling [2, 14], and dynamic optimization [1] mitigate this but require global coordination,
thereby increasing latency and limiting scalability. Load-aware scheduling can starve low-priority
operators, worsening latency [25]. In contrast, Enjima makes scheduling decisions at the granularity
of an operator which minimizes overhead and jointly optimizes for latency and throughput using
operator priority and eligibility. It also leverages latency gradient as dynamic feedback to adjust
priorities for scheduling across queries and to adapt scheduling thresholds at runtime.

More recent works such as Cameo [53] compute a priority for each event which is then used
to determine operator priority for scheduling. It implements several scheduling policies such as
Least-Laxity-First [40] and Earliest-Deadline-First [36] that require the user to specify a deadline
or a latency constraint. However, per-event priority computation leads to significant challenges in
scalability, yielding performance comparable to that of Flink. Haren [41] proposes a middleware
that can be integrated with an existing SPE to deploy and configure different scheduling policies.
Unlike Enjima, Haren does not propose its own scheduling policy nor does it integrate scheduling
with memory management.

Systems like StreamBox [39] and Drizzle [51] perform scheduling at the granularity of containers
or batches, introducing batching delays that make it difficult to meet latency targets. StreamBox
uses epochs and watermarks to aid scheduling, while Enjima uses epochs to update operator
priorities. Thread-based elastic scheduling approaches [44] scale thread counts within workers to
avoid global scheduler overhead but sacrifice fine-grained control. Lachesis [42] configures OS-level
scheduling via middleware, simplifying implementation and centralizing control but preventing
an SPE to manage scheduling and memory jointly. There have been approaches on optimizing
execution in SPEs that rely on specialized hardware to achieve performance gains [33, 49]. These
engines utilize metrics such as query task throughput or rely on OS scheduling to guide the usage of
compute resources. None of these techniques focus on efficient compute and memory management
on commodity machines to speed up stream processing.

7 Conclusion

We presented Enjima, a scale-up stream processing engine (SPE) that integrates memory manage-
ment with runtime operator scheduling to optimize compute and memory resource utilization. Our
memory management strategy demonstrates that efficient allocation and access for inter-operator
data exchange significantly enhances SPE performance. The state-based scheduling algorithm bal-
ances latency and throughput, enabling low-latency processing at high input rates and adaptivity in
response to dynamic workload changes. Experiments show that our integrated approach improves
throughput by up to 6.3x and reduces latency by up to three orders of magnitude compared to
conventional methods. We demonstrate that a design that integrates compute resource management
with memory management provides performance benefits that exceed the benefits provided by any
one of the two resource management techniques independently, highlighting the importance of a
holistic design for SPE resource management.
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