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A Runtime System for Interruptible Query Processing: When

Incremental Computing Meets Fine-Grained Parallelism

JEFF EYMER, SUNY Binghamton, USA
PHILIP DEXTER, SUNY Binghamton, USA
JOSEPH RASKIND, SUNY Binghamton, USA
YU DAVID LIU, SUNY Binghamton, USA

Online data services have stringent performance requirement and must tolerate workload fluctuation. This
paper introduces PitStop, a new query language runtime design built on the idea of interruptible query
processing: the time-consuming task of data inspection for processing each query or update may be interrupted
and resumed later at the boundary of fine-grained data partitions. This counter-intuitive idea enables a novel
form of fine-grained concurrency while preserving sequential consistency. We build PitStop through modifying
the language runtime of Cypher, the query language of a state-of-the-art graph database, Neo4j. Our evaluation
on the Google Cloud shows that PitStop can outperform unmodified Neo4j during workload fluctuation, with
reduced latency and increased throughput.
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1 Introduction

Cloud data centers facilitate the deployment of online services, many of which are supported with
a database query language runtime as the backend. These services must be able to process a large
number of incoming requests (queries and updates) at a rapid rate. The performance of these online
services often critically depends on that of the query runtime. A particular thorny problem for online
services is workload fluctuation: the request rate may change over time, and often rapidly so. While
provisioning less compute resource than needed is undesirable for maintaining Quality of Service
(QoS), provisioning more than needed introduces waste, with severe impact on sustainability [42].
There is a growing interest in addressing this challenging problem [11, 12, 20, 25, 28].

Interruptible Query Processing. We take on this fundamental problem with a solution at the layer
of query runtime design. We show that by introducing a notion of fine-grained concurrency, the
performance of online data processing can be improved in the presence of workload fluctuation.
Our concrete proposal is interruptible query processing: the processing of each query or update can
be interrupted upon partial data inspection and resumed later. In other words, we break down the
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otherwise monolithic process of data inspection needed for answering a query or update into a
series of partial inspections, each of which is called a leg. This idea may appear counter-intuitive at
the first glance: by interrupting the processing, wouldn’t latency be increased?
The key insight here is that we must consider all requests as a whole — especially when they

arrive at a rapid rate — and the interruption in data inspection unleashes the opportunity of
fine-grained concurrency across multiple requests, i.e., processing a leg of one request can happen
concurrently with some leg of another request. We call this new notion leg concurrency, and the
parallelism enabled by it leg parallelism. Semantically speaking, an interesting consequence of leg
concurrency is that we can interleave the legs from multiple requests regardless of whether they are
reads or writes while still preserving the strong guarantee of sequential consistency [40].

In design, interruptible query processing is the confluence of two influential ideas in programming
languages: incremental computing [4, 31, 33, 34, 47] and fine-grained parallelism [5, 22, 35]. Indeed,
interrupting an otherwise monolithic data inspection process can alternatively be viewed as
incrementally propagating the query/update request inside the data. The performance benefits of
interruptible query processing indeed arise from the synergy when incremental computing meets
fine-grained parallelism. Now that the otherwise monolithic process of data inspection is divided
into concurrent legs, we inherit the benefits of fine-grained parallelism in load balancing [6, 22], and
more generally, scalable performance [44, 51, 54]. Thanks to incremental computing, two classic
data processing optimizations — batching [24, 58, 65] and fusion [46, 50, 52, 64] — can be applied
with more effectively: they can now be opportunistically applied during the incremental process of
data inspection, which we term on-the-fly batching and fusion (see § 3).

The PitStop System. We implement the idea of interruptible query processing by replacing
the existing runtime of Cypher [21, 27], a query language for a state-of-the-art graph database,
Neo4j [2]. The new system, called PitStop, can be viewed as a new Cypher runtime that processes
Cypher queries/updates without any change to its programming model, but with the new dynamic
semantics. We choose Cypher/Neo4j as our baseline for two reasons. First, graph databases are
an emerging system with broad applications, such as bioinformatics, social networks, machine
learning, and artificial intelligence. Second, graph databases set a more challenging “high bar” for
evaluation as they can be viewed as a combination of two: as graph processing systems, they must
address queries over complex and structured data, and as databases, they must meet stringent
performance requirements when deployed online, such as low latency and high throughput.

Our results show PitStop can significantly reduce latency and increase throughput of Neo4j, by
1-2 orders of magnitude in some contexts of workload fluctuation. Our comparative baseline of
unmodified Neo4j is set up in the realistic scenario where different queries can be processed in
parallel, except that it does not have the fine-grained parallelism that PitStop enjoys. We further
implemented a second baseline, an optimization on Neo4j where batching and fusion are supported
at a “top-level” buffer, i.e., a store that temporarily keeps the arriving requests before they are
processed. PitStop still outperforms the latter baseline by a large margin (see § 6). Furthermore, we
found PitStop can reduce the variance in latency among request processing, useful in mitigating a
pernicious problem in online processing: the long-tail latency [37].

Contributions. This paper makes the following contributions:

• a new query language runtime design that supports interruptible query processing, enabled
by incremental query/update propagation and fine-grained concurrency
• an evaluation over real-world datasets (Twitter, StackOverflow, and GitHub) in a modern
cloud environment that demonstrates the performance benefits of PitStop
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• a design-space exploration over different fluctuation settings and different natures of query
traces, together with a hybrid design where indexing co-exists with data inspection

2 Background

We briefly review key terms and principles in query language runtimes and processing systems.
With an essential role of data processing in the computing stack, a query language—if it must be
called a domain-specific language—captures a domain familiar to most readers. That said, some
design principles well known to query runtime designers may not be familiar to all. We also use
this section as a summary for terms that will be consistently used in the rest of the paper.

Operations: Queries and Updates. In databases, a “read” request (i.e., one that does not mutate the
presistent data) is often called a query and a “write” request (i.e., one that does) is often called an
update. To unify the two in one term, we henceforth refer to each request of online data processing
as an operation. Perhaps confusingly, the historical terms of query processing and query languages
can refer to the support of both reads and writes. In this setting, one may refer to query processing
for only “read” requests as static data processing [14, 63], and one that supports both as dynamic
data processing. By this terminology, PitStop is an instance of the latter.

Data Organization. Not to lose generality, we view data(base) as a collection of data units, each of
which consists of a key (i.e., the unique identifier of the unit), and a payload value (i.e., the content
held by the data unit). When no confusion can arise, we also shorten a payload value as a value.
The key-value pair representation may be evocative to a specific form of databases, the key-value
store, but our treatment is more general: the payload value in our formulation may carry additional
information that reflect how data units are related to each other, i.e., structural information in data.
Consider a graph for example. Imagine we wish to represent a simple social network of Alice

and Bob where Alice is a friend of Bob. This can be captured through two data units, with keys
𝑘Alice and 𝑘Bob identifying Alice and Bob respectively. The data unit of Bob may carry a payload
value of 𝑘Alice, indicating that Alice is his friend. In other words, the payload value can serve as
an encoding of the outgoing edges of the (logical) graph. In the rest of the paper, our main interest
is on structured data such as graphs. From now on, we interchangeably call each data unit as a
node. We also use “node 𝑘” to refer to a node whose key is 𝑘 .

Structured Persistent Data: In-Memory Representation and In-Storage Representation. For C pro-
grammers, it might be intuitive to implement a graph where graph vertices are memory objects,
and graph edges are pointers from one memory object to another. A similar implementation for
Java programmers can be carried out, except that object references are used instead of pointers.
Indeed, this is how graphs as non-persistent data structures are routinely implemented.

For persistent graphs however, real-world query runtime systems do not design the in-memory
representation of graphs through pointers or object references. The key insight here is that databases
must store data in some linear order. When such data is loaded into memory, it would be prohibitively
expensive to reconstruct a pointer/reference-based graph data structure from the linear represen-
tation. Worse, when the in-memory pointer/reference-based graph is updated, synchronizing it
with the in-storage sequence-based representation would be even more expensive. As a result,
real-world query runtimes nearly always keep the in-memory representation and the in-storage
representation as similar as possible, if not identical.

The consequence is that, regardless of the logical view of the persistent structured data — a list, a
tree, a graph —- their in-memory representation in real-world systems is generally a sequence, i.e.,
a collection of objects in total order. Recall our earlier example that the structural information of
the graph is encoded into the payload value of nodes. As a result, the in-memory representation of
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this graph can simply be a sequence of two nodes: node 𝑘Alice, followed by node 𝑘Bob. The graph
database PitStop is built upon — Neo4j — has sequence-based in-memory representation.

The Lifecycle of Operation Processing. To process an operation, the query runtime must inspect
data, sometimes also referred to as data scan (a term historically used for unstructured data) or data
traversal (a term historically used for structured data). For example, if a query intends to search for
a data unit which contains a payload value of 17, it will need to scan/traverse through the sequence
of data units, inspecting each of them until it finds the unit with 17 as the payload value.
In the rest of the paper, we describe this lifecycle of processing in the following terms: an

operation arrives at the query runtime, propagates through the data as it inspects each node and
compares keys, and eventually realizes at the node that the operation is intended for. We also use
serving to refer to the combined lifecycle states from propagating to realizing.
Sequence-based in-memory representation has important implications on data inspection. It

implies that when data is scanned/traversed, some linear order—often the order in the in-memory
sequence representation—is followed. The design of PitStop reflects the same principle in query
runtime design. One notable exception to linear-order scanning/traversal is the use of indexing,
a common strategy particularly suited for databases that are query-only (i.e., no updates), or
query-dominant (i.e., rare updates). We support indexing as a variant called PitStop-I (see § 7.1).

Sequential Consistency. Sequential consistency [40] is a fundamental property that says that if
two operations with unique labels ℓ1 and ℓ2 respectively arrive at the query runtime and ℓ1 arrives
earlier than ℓ2, then the final result of query processing—both the query results and the updated
database state— must be identical as one from processing ℓ1 and ℓ2 in the chronological order of
their arrivals, i.e., ℓ1 must be first completed by the query runtime, then ℓ2 is processed.
For static data processing, sequential consistency trivially holds. In dynamic data processing,

guaranteeing sequential consistency and achieving performance are often at odds. The property is
non-trivial when concurrent processing of multiple operations is allowed, or optimizations across
multiple operations are enabled.

Provisioning. In computer systems, underprovisioning (UP) refers to the system state when the
system resources (say, CPU, memory, bandwidth) allocated to an application cannot meet the
demand of the application. Conversely, overprovisioning (OP) refers to the system state when
system resources exceed the demand of the application. In the setting of query systems, we use UP
to refer to the system state when operations arrive more rapidly than they can be processed, and
OP as the opposite. We also say the query runtimes undergoes a UP/OP phase for the duration of
time when the underlying system is in the UP/OP state. As workload fluctuation is the primary use
scenario PitStop addresses, UP and OP will play a prominent role in our experimental evaluation.

3 PitStop Data Processing

Figure 1a shows a a simple online graph database we use as a running example. The graph consists
of 6 nodes, whose traversal follows the order from 𝑘1 to 𝑘6. Here, 3 operations arrive at the query
language runtime (the “database engine”), labeled with ℓ1, ℓ2, and ℓ3, with ℓ1 arriving the earliest. The
first two operations are query operations; for example, “ℓ1 → query k6” says that the ℓ1 operation
looks for the node with key 𝑘6. The third operation is an update, where “ℓ3 → update k3 with 200”
says the ℓ3 operation intends to update the payload value of node 𝑘3 with 200.
We start with a pedagogical subsection to describe the concurrent-but-not-parallel behavior of

PitStop, followed by another subsection to describe the concurrent-and-parallel behavior. The
former is only meant for introducing basic concepts, and the latter is where real-world benefits
lie. PitStop under these two variants are illustrated in Fig. 1b and Fig.1c respectively. Each row
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𝑘1

𝑘2

𝑘3

𝑘4

𝑘5

𝑘6

Data (A Logical View)

ℓ1 → query k6
ℓ2 → query k3
ℓ3 → update k3 with 200

Queries
Legends: Edge Traversal Path

𝑘 Node with Key 𝑘

(a) A Simple Graph Database and its Queries

t1 t2 t3 t4 t5 t6 t7 t8 t9 t10 t11 t12 t13
ℓ1 𝑘1 𝑘2 𝑘2 𝑘2 𝑘2 𝑘3 𝑘3 𝑘4 𝑘4 𝑘5 𝑘6
ℓ2 𝑘1 𝑘1 𝑘2 𝑘3
ℓ3 𝑘1 𝑘2 𝑘3 𝑘3 𝑘3

(b) Concurrent Interruptible Query Processing on a Single-Core CPU

t1 t2 t3 t4 t5 t6 t7 t8 t9
ℓ1 𝑘1 𝑘2 𝑘3 𝑘4 𝑘5 𝑘6
ℓ2 𝑘1 𝑘1 𝑘2 𝑘3
ℓ3 𝑘1 𝑘2 𝑘3 𝑘3

(c) Parallel Interruptible Query Processing on a 2-Core CPU

Arriving Propagating
Interrupting Realizing Completed

(d) Legends

Fig. 1. An Example on Interruptible Query Processing. For (b) and (c), each row represents the processing of

an operation; each column represents a computation step, where a column denotes an abstract unit of elapsed

time, where t1, t2, . . . t13 follows the chronological order; each cell with 𝑘𝑛 indicates the query operation

currently reaches (pitstop) node with key 𝑘𝑛 . To highlight the conceptual view, (b) is analogous to a concurrent

(but not parallel) PitStop execution on a single-core CPU. (c) is a parallel execution with 2 cores.

represents an operation under concurrent query processing, and each column represents a unit
of elapsed time. While this illustration may remind some readers of pipelines, PitStop is not a
pipeline-based system: there is no synchronization across the processing of different operations.

Basic Concepts in Interruptible Query Processing. In standard query runtime design which we
henthforth call monolithic processing (MP), a run-to-completion semantics is adopted for data
inspection: once the processing of a request starts, it runs to completion before the hosting thread(s)
can process another request. For example, 6 continuous time units would be needed for ℓ1 processing
under MP 1. Note that run-to-completion semantics does not preclude concurrency, but it only
supports a coarse-grained form of concurrency: different operations can be concurrently processed
by different threads when the consistency model allows it, but from the perspective of each operation,
its processing must run to completion.

In PitStop, the data inspection process — even for one single operation — is incremental and may
be interrupted. PitStop partitions data so that inspection can be interrupted at the last node of each

1Strictly speaking, OS-level context switches could happen during the processing of ℓ1 under MP, so the 6 time units may or
may not be continuous. They however are still taken by the same thread. For simplicity, the rest of discussion in this section
does not consider OS/hardware context switches. We revisit this discussion in § 6.11.
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data partition, whichwe call a pitstop. In this simple example, we assume each node can be a partition
and hence a pitstop in data inspection. For example, the processing of ℓ1 is interrupted at node 𝑘2 at
timestamps 𝑡4, 𝑡5, 𝑡6. The consequence of the interruption is that the current thread can be freed up
and then process other operations, improving concurrency. Similarly, an interruption happens at
pitstop 𝑘3 at 𝑡8 and pitstop 𝑘4 at 𝑡10. We further consider an imaginary “root” pitstop — the position
in data before the first partition. We call the inspection of a data partition — i.e., propagating an
operation from one pitstop to the next pitstop — as a leg. For instance, the computation happening
at 𝑡2 and 𝑡3 form the first leg, and that at 𝑡11 and 𝑡12 forms the fourth (and last) leg.
To clarify the terminology, we always use the term “pitstop” to refer to a node in data and the

term “leg” to refer to a computation that enables the inspection of data nodes sandwiched by a
pair of pitstops. Given that the leg of inspection is synonymous to the propagation of an operation
from one pitstop to the next, we also informally say “an operation 𝑜 residing in pitstop 𝑘” when 𝑜
has hitherto propagated to node 𝑘 (after one or more legs of processing).
Whenever a thread becomes available, it can select an operation (or a batch of them) currently

under processing and process it by a leg. To ensure fairness, the selection of an operation (and its
processing by a leg) is random (see § 4).

In summary, if we take the lifecycle of an operation as a whole, its processing in PitStop is not
a continuous process from arrival to completion, but incremental and interruptible.

Leg Parallelism. Our pedagogical description so far has only focused on concurrency without
parallelism. We now describe the more realistic setting where concurrent executions run in parallel.

PitStop, through dividing the otherwise monolithic task of data inspection into smaller leg-sized
concurrency units, can improve performance through balancing the workload across cores more
effectively. The granularity of parallelism in PitStop is the leg. In contrast, when MP is parallelized,
its run-to-completion requirement means its parallel unit is the entire serving process, e.g., 6
time units for ℓ1 processing. To understand why granularity matters, let us now come back to the
example. MP under the two-core execution can indeed allow ℓ1 and ℓ2 to process in parallel, but
ℓ3 may still have to involuntarily wait and start only after either ℓ1 and ℓ2 is completed. We call
this unfortunate situation the cascading effect: the long latency of serving earlier arriving requests
may cause the later arriving request to wait “involuntarily” — especially in the UP phase — and
further extend the latency of the latter. With PitStop, the processing of ℓ3 can start as soon as
either of ℓ1 or ℓ2 reaches a pitstop and frees up its host thread. This is particularly helpful if ℓ3 can
be completed only after inspecting a small portion of data. In other words, the latency of ℓ3 is less
impacted by the involuntary wait and the cascading effect in the UP phase.

Another important — but less obvious — advantage of leg parallelism is its semantics-independence:
deterministic parallel processing of multiple legs is independent of the read/write nature of the
operations performed within individual legs. In PitStop, two threads can run two legs (of different
operation batches residing at different pitstops) in parallel, regardless of whether the operations
processed by the two legs are query/query, query/update, or update/update. For example, while a
thread in PitStop processes ℓ2 for the leg propagating from pitstop 𝑘1 to pitstop 𝑘2, another thread
can process ℓ3 for the leg propagating from pitstop “root” to pitstop 𝑘1. This is in contrast with
traditional MP, where the processing of a write operation cannot arbitrarily interleave with that of
a read operation. For example, if the monolithic processing of ℓ3 — an update operation — were to
be parallelized with that of ℓ2, the processing of ℓ2 may return 200, which would be in violation of
sequential consistency. In PitStop, sequential consistency is preserved (see § 4).
Leg parallelism differs from data parallelism: it happens between processing (different legs of)

different operations, rather than different data partitions for processing the same operation.
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On-the-Fly Batching and Fusion. PitStop composes well and further strengthens classic multi-
request optimizations in online data processing, especially batching [24, 58, 65] and fusion [46, 50,
52, 64]. As an optimization, fusion allows multiple operations to be combined into an equivalent
operation potentially involving fewer computation steps. Batching — while not reducing the overall
workload of the computation — allows multiple operations to share one data inspection process,
known for its benefits in more efficient I/O (for accessing persistent data), cache (for in-memory
processing), and lock management (for concurrent processing).
Without PitStop, batching and fusion can only be performed when the operations arrive,

presumably in a top-level buffer (see § 1). With PitStop, they may happen at any pitstop. At 𝑡6, ℓ2
and ℓ3 form a batch and continue to propagate in tandem in one step. At 𝑡7, all 3 operations batch
together for one step of processing. Batching is now on-the-fly, i.e., at any pitstop: a batch formed
by ℓ2 and ℓ3 at 𝑡6 and a batch of all 3 operations at 𝑡7. On-the-fly batching increases the likelihood
of batching: assuming available resources, a newly arriving operation can start its processing
immediately and forms a batch with other operations later after partial data inspection. In contrast,
classic batching systems have to grapple with a binary decision when an operation arrives: should
it start processing immediately and forgo the opportunity of batching, or should it voluntarily wait
until the next operations come to form a batch?

For fusion, consider the two operations are submitted to the same graph processing engine as in
Figure 1, wtih ℓ4 refers to update k6 with 500, ℓ5 refers to update k6 with 600, and ℓ4 arriving earlier
than ℓ5. Here, node 𝑘6 is first updated to value 500 and later updated to 600, a pattern common in
the real world where updated data are often updated again. Before ℓ4 reaches its intended node 𝑘6,
eliminating ℓ4 does not affect the state of the database.

Use Scenarios and End-User Benefits. Interruptible query processing is designed to target online
server-type environments such as cloud servers (see § 1). Specifically, it is designed to address
several thorny problems in achieving scalable performance on such platforms. We now briefly
summarize our end-user benefits, and how PitStop leads to them.
The primary benefit is that interruptible query processing is resilient to workload fluctuation.

With a combination of incremental query processing and fine-grained leg parallelism, PitStop is
adaptive to the system state changes betweeen UP and OP. As we described earlier in this section,
classic MP instead may suffer from the cascading effect.

Second, PitStop can reduce the occurrence of long-tail latency. An operation may take long to
process for various reasons: (a) some non-deterministic system events (such as I/Os, resource allo-
cations, or hardware failures) cause delays; (b) an operation may represent a heavier computation,
e.g., more complex processing or more data for inspection; and (c) the long processing due to (a)
and (b) may excessively hold systems resources away from other operations, making the latter fall
into long tail as well. PitStop mitigates the impact of the delays caused by (a) and (b) on the entire
system, i.e., reducing the occurrence of (c). In doing so, it may increase the latency of (b), but not
necessarily that of (a) because the latter is dominated by the non-deterministic event. In § 6.4, we
show PitStop can reduce latency variance among the operations.

Third, PitStop allows classic online optimization techniques—batching and fusion—to be applied
at a finer granularity, enabling on-the-fly batching or on-the-fly fusion.

Fourth, leg parallelism is semantically independent of the read/write nature of operations. This
implies that it can deliver comparable performance for both static and dynamic data processing.

Applicability and Limitations. First, PitStop is primarily designed for online data processing
systems where the requesting operations arrive at fluctuating rates, leading to fluctuating workloads
between UP and OP. When workloads are perpetually in an UP or OP state, PitStop can remain
effective in some scenarios but not all (see § 6.8). Effective or not, PitStop is less interesting for
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these non-fluctuating scenarios because an end user can solve the problem by simply configuring
different resources (e.g., more/fewer CPU cores). Second, while PitStop does not rely on any
existing partitioning strategy of the underlying database (Neo4j in our case), its algorithm logically
maintains a partitioned view of the data where pitstops reside between partitions. For data that are
fundamentally non-partitionable, PitStop does not apply. Finally, we will discuss some extensions
in § 7, for settings of data processing different from the current implementation of PitStop.

4 PitStop Algorithm Specification

Global Definitions and Variables

structure DataUnit
key : key
value : value
deleted : Boolean = false

end
data : List<DataUnit>
structure Operation

target : key
name :Enum {add,delete,update,query }
f : Functor
bound : int

end

structure BatchOps
ops : List<Operation>

end

structure Server
legs : List<BatchOps>
results : Map<Operation, Value>

end
server : Server

Fig. 2. PitStop Structures

Fig. 2 defines relevant data structures. The mod-
ifications to standard run-to-completion query
processing are highlighted in green .

Data and Operations. Not to lose generality,
we first define our core algorithm over semi-
structured data, and its variation on graph data
will be described in § 5. Here, data is defined
as a list of DataUnit’s, where each DataUnit
contains a key-value pair and a flag to mark
whether the node is deleted.

Each Operation contains the necessary in-
formation for its processing, including the
name of operation (name), the key of the DataU-
nit where the realization happens (target),
the functor (f), and a field called the bound
which we will explain later. A functor is a first-
class lambda function that defines the logic for
realization. For example, operation ℓ1 in § 3 can
be encoded with a functor as 𝜆𝑑. (𝑑.value),
and the ℓ3 operation can be encoded with a
functor

𝜆𝑑. (DataUnit{𝑑.key; 200; false})
For add and delete operations, the functor definition is irrelevant. In this simple specification,

a realization can only happen when the target of the operation matches the key of the data unit.
More complex predicate-based matching can be encoded through if..then within the functor.

Pitstops and Legs. A pitstop is placed for every LDSIZE number of DataUnit’s. Pitstop 0 indicates
the imaginary data unit (see § 3) before the first, used for keeping operations that have just arrived
but not served at all yet.
The unique structure of PitStop is the legs field of Server, a list whose 𝑖𝑡ℎ element indicates

the batch of operations (BatchOps) currently reside at the pitstop 𝑖 , where 𝑖 ≥ 0. When a batch
of operations in the pitstop 𝑖 are ready for their next leg of processing, each DataUnit between
pitstops 𝑖 and 𝑖 + 1 is inspected. Observe that our legs field naturally considers on-the-fly batching:
the operations residing at the same pitstop are batched together, through structure BatchOps; at
different pitstops, the number of operations within each BatchOps may well differ.

In addition, the Server keeps all results from all completed operations in the results field as a
map from Operation to Value. While this data structure helps us specify our algorithm, realistic
systems (e.g., privacy-preserving servers) may choose to only keep them temporarily (such as per
session), or not at all.
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Algorithm 1: Scheduler
procedure main()

1 while true do
2 upon ready t : Thread do
3 if op arrived then
4 if 𝑜𝑝.name = add then
5 _ , v← realize(𝑜𝑖 , _)
6 server.results[𝑜𝑖 → v]
7 else
8 op.bound← size(data)
9 run t with append(0, op)

10 else
11 l← ⌈size(data)/LDSIZE ⌉
12 p← random ([0, l))
13 if size(server.legs[p]) > 0 then
14 run t with propagate(p)

end
end
procedure append(p : Int, op : Operation)

15 if undef server.legs[p] then
16 server.legs[p]← BatchOps{[]}
17 add op to server.legs[p].ops

end

Algorithm 2: Propagator

procedure propagate(p : int)
18 pd ← LDSIZE ∗ p
19 while pd < min( size(data), LDSIZE ∗ (p+1))

do
20 d ← data[pd]
21 lock server.legs[p].ops
22 for [𝑜1, 𝑜2, ..., 𝑜𝑛] in server.legs[p].ops do
23 if d.deleted = false

and d.key = 𝑜𝑖.target
then

24 u, v← realize(𝑜𝑖 , d)
25 if u != _ then
26 data[pd]← u
27 server.results[𝑜𝑖 → v]
28 else if pd+1 >= op.bound then
29 server.results[𝑜𝑖 → ⊥]
30 else
31 append(p+1, 𝑜𝑖 )

end
32 server.legs[p].ops← []
33 unlock server.legs[p].ops
34 pd ← pd+1

end

Algorithm Details. Algorithm 1 describes the overall runtime. Algorithm 2 defines the most
unique aspect of PitStop design, on leg-based incremental propagation. Algorithm 3 defines the
behavior of common operations for dynamic data processing: addition, deletion, query, and update.
Notation 𝑋 [𝑦 → 𝑧] means a mapping identical to 𝑋 , except its domain element 𝑦 is mapped to 𝑧.
We use ⊤ to refer to a special Value indicating that the operation processing succeeds and ⊥ to
refer to the failure, such as a “key not found” error. In both algorithms, data and server are global
variables declared in Fig. 2.

Upon a thread becoming available, the scheduler checks if a new operation has arrived (Line 3). If
so, the newly arrived operation is either immediately processed if it is an add operation (Lines 4-6),
or append-ed (Lines 9, 15-17) to the batch of operations meant to reside at pitstop 0. If no new
operation has arrived, the thread randomly selects a pitstop and propagates the operation batch
corresponding to that pitstop for a leg (Lines 11-14).
The behavior for propagation is shown in Algorithm 2. The algorithm first calculates 𝑝𝑑 , the

index of the first element in the data immediately after pitstop 𝑝 (Line 18). The outer loop steps
through the data units one by one (Line 34) until either the next pitstop or the end of data is reached
(Line 19). The inner loop steps through each operation in the batch (Line 22). The operation may
be realized (Line 24) if the data unit 𝑑 is not deleted and the key matches the operation’s target.
Upon realization of an operation, the data is updated to reflect the possible change made (Lines 25
and 26), and the result of realization informs the server’s result update (Line 27). If an operation
cannot be realized at a leg, it is append-ed to the batch for the next leg (Line 31).
An important observation here is that order matters: the order of Operation within each

BatchOps reflects the chronological order of operation arrival, and the order of BatchOps’s within
the legs field also reflects the same chronological order. In other words, there is no “jump-ahead”
among operations: the Operation’s still arrive at each pitstop in the same order as they arrive at
the data processing engine (pitstop 0). Observe that both when an operation first arrives (Lines 9)
and when an operation is propagated to the next pitstop (Line 31), we consistently use append, i.e.,
adding the operation to the tail of the list.
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Algorithm 3: Sample Realization Functions

procedure realize(op : Operation, d : DataUnit)
35 switch op.name do
36 case add do
37 k← keygen()
38 v← apply op.f to ()
39 d0← DataUnit{k, v, false}
40 [𝑑1, 𝑑2, ..., 𝑑𝑛]← 𝑑𝑎𝑡𝑎

41 𝑑𝑎𝑡𝑎 ← [d1, 𝑑2, ..., 𝑑𝑛, 𝑑0]
42 return _, ⊤
43 case delete do
44 d.deleted← true

45 return d, ⊤
46 case update do
47 d ← apply op.f to d
48 return d, ⊤
49 case query do
50 ret← apply op.f to d
51 return d, ret

end
end

Finally, if the inspection reaches the end
of data and the operation is not realized, a
special value ⊥ is the result (Line 29). In a dy-
namic setting when data units may be add-ed
online, care is required for maintaining data
visibility. For example, if a query operation
with a target 𝑘 arrives before an add oper-
ation that adds a data unit with key 𝑘 , the
query should return ⊥. The challenge for Pit-
Stop is that even though the add operation
immediately changes data, the query opera-
tion may take time to propagate and hence
may incorrectly find the added data unit. To
address this, we associate each Operation
with a bound field, recording the size of data
at the time of its arrival. This bound is used
to determine the end of data inspection for
the operation (Line 29).
Our algorithm specification is orthogonal

to the concrete data representation itself: we
do not require data to be organized as a list.

All PitStop requires is an order can be derived from the data representation. For instance, if an
in-memory graph is represented as a pointer-based linked structure, the structure is still traversable
through some (depth-first or breadth-first) order. In practice indeed, linear data organization is
common in large data (or graph) processing — such as in Neo4j — because it would otherwise be
too costly to reconstruct a pointer graph based on the storage representation (which is linear) and
continuously synchronize the two.
We adopt a simple model for thread safety: when a leg propagation happens, its associated

BatchOps is locked, as shown at Line 21 and Line 33. This prevents different threads from prop-
agating the same operation batch at the same pitstop more than once. This is an example why
batching is a useful optimization: only one lock needs to be managed for the entire batch.

Complexity. Given the size of data as𝑚 and the number of operations as 𝑛, the time complexity
of our PitStop is 𝑂 (𝑚 × 𝑛). Despite our design of leg-size propagation over operation batches,
each operation still only inspects each data unit at most once. The space complexity of PitStop is
𝑂 (𝑛). In other words, the only additional storage needed is to keep an entry for each operation
under processing, as in the legs field of Server.

Properties. PitStop observes sequential consistency. This is a non-trivial result considering
the query processing can be non-deterministically interrupted at pitstops; concurrent/parallel
processing of multiple operations is allowed; random legs are selected for propagation; on-the-fly
batching and on-the-fly fusion are supported.
To gain an intuition on why sequential consistency holds, consider an example where two

operations ℓ1 and ℓ2 arrive at the query runtime, and the former arrives earlier than the latter. For
simplicity, let us assume both are targeting a node with key 𝑘 and ℓ1 is an update operation whereas
ℓ2 is a query operation. Not to lose generality, there are three subcases: (1) neither ℓ1 nor ℓ2 has
reached node 𝑘 during their propagation. In this case, neither query nor update is realized; (2) ℓ1
has reached node 𝑘 but 𝑘2 has not reached node 𝑘 . In this case, the update can be realized but not
the query. (3) both ℓ1 and ℓ2 have been propagated to node 𝑘 ; in this case, observe that Line 22 of
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Table 1. CypherQueries for the Twitter Dataset

Operation Equivalent Cypher Query

find user ⟨𝑝𝑟𝑜𝑝𝑒𝑟𝑡𝑦⟩ ⟨𝑣𝑎𝑙𝑢𝑒⟩ MATCH (n : User{⟨property⟩ : ⟨value⟩})
RETURN n

findFollowers ⟨𝑝𝑟𝑜𝑝𝑒𝑟𝑡𝑦⟩ ⟨𝑣𝑎𝑙𝑢𝑒⟩ MATCH (: User{⟨property⟩ : ⟨value⟩}) ← (n : User)
RETURN n

findFollowees ⟨𝑝𝑟𝑜𝑝𝑒𝑟𝑡𝑦⟩ ⟨𝑣𝑎𝑙𝑢𝑒⟩ MATCH (: User{⟨property⟩ : ⟨value⟩}) → (n : User)
RETURN n

update ⟨𝑝𝑟𝑜𝑝𝑒𝑟𝑡𝑦⟩ ⟨𝑣𝑎𝑙𝑢𝑒⟩ ⟨𝑛𝑒𝑤 𝑝𝑟𝑜𝑝𝑒𝑟𝑡𝑦⟩ ⟨𝑛𝑒𝑤 𝑣𝑎𝑙𝑢𝑒⟩ MATCH (n : User{⟨property⟩ : ⟨value⟩})
SET n.⟨new property⟩ = ⟨new value⟩

add ⟨𝑝𝑟𝑜𝑝𝑒𝑟𝑡𝑦⟩ ⟨𝑣𝑎𝑙𝑢𝑒⟩ ⟨𝑝𝑟𝑜𝑝𝑒𝑟𝑡𝑦 𝑡𝑜 𝑓 𝑖𝑛𝑑⟩ ⟨𝑣𝑎𝑙𝑢𝑒 𝑡𝑜 𝑓 𝑖𝑛𝑑⟩ MATCH (a : User{⟨property to find⟩ : ⟨value to find⟩})
CREATE (b : User{⟨property⟩ : ⟨value⟩})
CREATE (b) —- [r : FOLLOWS] → (a)

delete ⟨𝑝𝑟𝑜𝑝𝑒𝑟𝑡𝑦⟩ ⟨𝑣𝑎𝑙𝑢𝑒⟩ MATCH (n : User{⟨property⟩ : ⟨value⟩})
DELETE n

Algorithm 2 says ℓ1 must be realized before ℓ2. In particular, note that there does no exist a fourth
subcase where ℓ2 is propagated to 𝑘 but ℓ1 is not, according to the preservation of the chronological
order during the propagation process (see Algorithm Details discussion earlier). Finally, observe
that the analysis here still assumes that the processing of ℓ1 and ℓ2 are concurrent: the chornological
ordering does not preclude, say, the propagation of ℓ1 by one leg and that of ℓ2 by another leg, from
happening in parallel.

We defer a formal proof of this property to the supplementary material. The formal insight is that
PitStop is inspired by DON calculus [15]. Indeed, PitStop can be viewed as a concrete instance
in the spectrum of online data processing algorithms formally defined by their calculus, and our
property sequential consistency is (conceptually) a corollary of their property of determinism. A
more detailed discussion on this connection can be found in § 8.
In addition, PitStop preserves atomicity [26, 29], which in the context of data processing says

that the processing of each operation must abide by our intuition of “all or nothing”. To gain
intuition on why it holds, recall in § 2, the lifecycle of an operation is composed of a sequence of
steps in the following order after the operation arrives: propagation, propagation, . . . , propagation,
propagation, realization. To establish atomicity, the most relevant observations here are: (1) each
propagation step reads the immutable key from the graph node, with no changes in the persistent
data. From here on, we refer to such a step as producing a 𝑅𝐼 effect (i.e., immutable read); (2)
the realization step may either read the potential mutable payload from the graph data, or write
to such data. From here on, we refer to the former as producing a 𝑅𝑀 effect (i.e., mutable read),
and the latter as producing a𝑊 effect (i.e., write). If we extend our reduction system where the
propagation/realization rules explicitly produce the effects specified above as observables, the
processing of an operation leads to a trace in one of the two patterns:

• Case I: a query operation: 𝑅𝐼 , 𝑅𝐼 ,. . . , 𝑅𝐼 , 𝑅𝐼 , 𝑅𝑀
• Case II: an update operation: 𝑅𝐼 , 𝑅𝐼 ,. . . , 𝑅𝐼 , 𝑅𝐼 ,𝑊

In Case I, all steps are “reads” and no commit to the persistent data is needed. Case II is a tail-commit,
i.e., only the very last step involves change to persistent data. The “all-or-nothing” semantics for
atomicity is preserved depending on whether the last step is committed (“all”) or aborted (“nothing”).
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Table 2. Dataset Description (X% represents the composition ratio of operations in the trace.)

Dataset # Nodes # Edges Read-Only Trace Operations Read-Write Trace Operations

Twitter [39] 41.7 million users 1.47 billion ‘follows’ 33.33% find user 40% find user 16.67% add user
33.33% find followers 10% find followers 16.67% delete user
33.33% find followees 10% find followees 16.67% update user

Stack Overflow [3] 11.8 million users 132 million ‘posted’ 33.33% find user 40% find user 16.67% add user
47.9 million posts 56 million ’tagged’ 33.33% find posts of a user 10% find posts 16.67% delete user
57 thousand tags 33.33% find post tags of user 10% find tags 16.67% update user

GitHub [1] 4.4 million users 16.9 million ’pulled from’ 25% find pulls 15% find pulls 16.67% add user
9.7 million repositories 92.0 million ’pushed to’ 25% find pushes 15% find pushes 16.67% delete user

4.3 million ‘forked from’ 25% find forks 15% find forks 16.67% update user
11.9 million ’commented on’ 25% find comments 15% find comments

5 Implementation and Experiment Settings

We implemented PitStop by modifying the core data inspection algorithm of Neo4j version
3.5.12 [2], written in Java. PitStop is currently deployed on and experimented with a Google Cloud
virtual machine running Ubuntu 16.04, with 96 CPU cores and 86.4 GB of memory.

Graph Data Support. In Neo4j, a graph is represented as a list of Node’s and a list of Rela-
tionship’s. Both forms of data are identified by Id’s, analogous to our Key. To facilitate node-to-
relationship queries, each Neo4j Node contains fields to refer to its Relationship’s, (conceptually)
the range of entries in the Relationship list. Both may contain a deleted field, as part of Neo4j’s
built-in support.
Our implementation does not require any metadata change of the Neo4j database, nor any

programming model of its query language, Cypher. The specific Cypher queries that we used for
the traces can be found in Table. 1. By default, we set LDSIZE as 1% of the length of the dataset.

Fusion Implementation. Our implementation also supports fusion similar to the example in § 3.
Just as an available thread may randomly select an operation batch for propagation (see Line 14 in
the algorithm), it may also randomly select an operation batch for fusion. The behavior of fusion is
a linear-time inspection of all operations within the operation batch, and fusion happens if two
consecutive update operations are applied to the same node, and all query or delete operations
between the two are not applied to the same node.

Try Locking. As an optimization of our specified algorithm, the lock we associate with each oper-
ation batch is a try-lock. In other words, if a pitstop is randomly selected according to Algorithm 1
but its associated batch is currently locked, our implementation will go back to the while loop in
Algorithm 1 and randomly select another operation.

Datasets. We ported three datasets to Neo4j, including Twitter, StackOverflow, and GitHub.
Among all datasets on Neo4j’s website, StackOverflow and GitHub are the largest ones. We further
manually imported Twitter data to a Neo4j-compatible format, which is larger than the other two.
For all experiments — including different trials of the same experiment — we always first initialize
the graph to the same initial state.

Operation Traces. While commonly used datasets are widely available, operation traces — i.e.,
the sequence of operations applied to a dataset with properly labeled timestamps — are rarely,
if ever, available in data processing. We resort to the standard practice in database evaluation
and generate both read-only traces and read-write traces for our experiments, each consisting of
10,000 operations. The specific operations generated for each dataset, and their composition, can
be found in Table 2. For each dataset, our selected operations address common use scenarios. For
each generated trace, the order of operations is randomized, conforming to the composition ratio
specified in the Table.
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We evaluate PitStop with two distributions on the target nodes of the operations. By default,
the target nodes of individual operations are uniformly random among data units in the database.
Alternatively, we experimented with a trace (§ 6.7) where the target nodes of operations follow the
power-law distribution, i.e., some nodes are queried or updated more frequently than others.

Table 3. Fluctuation Scenario

Settings

UP phase OP phase

F1 [0, 10ms] [90ms, 100ms]
F2 [0, 10ms] [190ms, 200ms]
F3 [0, 10ms] [290ms, 300ms]

Workload Fluctuation Settings. We model workload fluctuation
through adjusting the arrival rates of operations, alternating them
between UP and OP phases. In a UP (or OP) phase, operations arrive
at a rapid (or slow) rate. Concrete to our experimental setting, the
first 2500 operations (1/4 of total operations) are issued in the UP
phase, the next 2500 operations are issued in the OP phase, and so
on. We experiment with 3 arrival rate settings, described in Table 3.
For example, fluctuation setting F1 says that during the UP phase,
the time interval between the two operation arrivals is randomly
and uniformly set to be between 0 and 10ms, and during the OP

phase, the interval is similarly set to be between 290ms and 300ms. The concrete values of the
three settings are determined heuristically as the highest arrival rate where the cascading effect
is not observed, intuitively the rate for “break-even” provisioning. This rate on average, across
experiments and data sets, is the median between the two ranges of F1.

Experiments and Visualization. Each experiment is the average of 5 trials. While plotting the
per-operation latency graphs, we further average out the results of every 100 consecutively arriving
operations and represent the average.

Development Effort. PitStop is implemented in about 3500LOC. There are also additional 3000LOC
for PitStop-I (in § 7.1), various baselines and comparative variants, and scripts for experiments.

6 Experimental Validation

Our evaluation aims at answering the following questions:
• RQ1: What is the impact of PitStop on latency (§ 6.2) and throughput optimization (§ 6.3)?
• RQ2:What is the impact of PitStop on mitigating latency variance (§ 6.4)?
• RQ3: How does PitStop perform under alternative settings (§ 6.5, § 6.6, § 6.7, § 6.8)?
• RQ4: How do the design features contribute to the effectiveness of PitStop (§ 6.9)?
• RQ5: How does PitStop perform when PitStop is integrated with indexing (§ 7.1)?

6.1 Comparative Baselines

To demonstrate the effectiveness of PitStop, we construct two baselines. The first baseline is
MP. This is the default implementation of Neo4j with parallelism support. A second baseline we
introduce is Buffered Monolithic Processing (BMP), as an optimized form of MP, where batching and
fusion may happen at the client-database boundary, the “top-level” buffer. Our BMP implementation
is de facto collaborative scanning [65], closest to Crescando [24, 58], except that those SQL queries
are now graph queries.

As we discussed in § 3, a BMP-like system must grapple with the decision on voluntary wait. We
set two parameters for BMP: the targeted batch size before the batch is served B, and the maximum
wait time for the batch to be formed, i.e., timeout, WT . We adopt the common rationale and set
B = ⌈WT

AT ⌉, where AT is the average arrival time. In other words, the targeted batch size is the
expected number of operations that would be received in theWT time (the second case). In this
paper, we set𝑊𝑇 = 750𝑚𝑠 , and𝐴𝑇 is set by experiments of different workload fluctuation: 5𝑚𝑠+95𝑚𝑠

2
for F1, 5𝑚𝑠+195𝑚𝑠

2 for F2, and so on.
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Fig. 3. A Summary of PitStop Latency Speedup (the Y-axis is the latency speedup ratio of processing

operations with PitStop against the two baselines, averaged over the 10,000 operations described in § 5.

With each group, the 3 bars correspond to the fluctuation scenarios of F1, F2, F3, in that order. The dotted

horizontal line is the break-even latency, i.e., 1×. For each bar, the higher the better.)

Parallelism is in place for both baselines. Neither is a naive single-threaded implementation.
For read-only traces, the processing of operations are executed in parallel. For read-write traces,
non-exclusive read locks and exclusive write locks are in place. For MP, BMP, and PitStop, the
same thread pool implementation of PitStop is used for thread management.

6.2 Latency Speedup

Summary. We first summarize the impact of PitStop on the operation latency, i.e., the “end-to-
end” processing time between the arrival of the operation and the completion of its processing. Fig. 3
shows the average latency speedup of PitStop over the two baselines under various fluctuation
scenarios. Overall, PitStop outperforms both baselines for all 3 datasets in all 3 fluctuation settings.

As shown in Fig. 3a, the more significant speedup is shown in the comparison withMP, the default
parallel implementation of Neo4j. The poor performance by MP is due to the cascading effect of
latency (§ 3). On the other hand, PitStop decouples the operation latency from the operation arrival
order: a later arriving but computationally less complex operation may well be completed sooner
than an earlier arriving operation. Thanks to this key difference in design, PitStop outperforms
MP by at least 1 magnitude and occasionally near 2 magnitudes.
Fig. 3b shows that PitStop also outperforms BMP but at a lesser scale. Relative to MP, BMP

softens the impact of the cascading effect by batching multiple operations together. However, just
like MP, the processing of later-arriving operations cannot be started until a thread/core becomes
available upon the completion of some earlier-arriving operation batches during the UP phase. A
later-arriving but computationally less complex operation may still have the prolonged wait.

A Detailed Per-Operation Analysis. Fig. 4 presents a per-operation view of latency speedup. Recall
that (§ 5) we alternate between UP and OP for the operation issue for each 2500 operations. With
MP (Fig. 4a), MP quickly suffers from the cascading effect in the first UP phase, and the PitStop
latency speedup quickly increases. When the system moves to the OP phase (when operations
2501-5000 arrive), the cascading effect in MP gradually recedes, but how fast this can happen
depends on the size of data. For smaller datasets such as Github, the recovery period is shorter. For
larger datasets, such as Twitter however, the recovery is so long that the next UP phase (when
operations 5001-7500 arrive) starts before the recovery is fully complete.

One subtle observation is that the peak PitStop speedup often happens for an operation arriving
in the OP phase, not exactly the last operation in the UP phase (such as operation 2500). Earlier, we
have explained PitStop’s role in mitigating the cascading effect in MP, i.e., “softening the blunt”. If
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Fig. 4. PitStop Per-Operation Latency Impact (Results are under fluctuation setting F1, with the gray vertical

lines indicate the phase change at the time of operation issuance. For the Y axis, higher is better.)

this were the only effect of PitStop, recall however, this is not the only effect of PitStop: when
the system transitions from the UP phase to the OP phase, PitStop also has the interesting role of
“speeding up the recovery”. After UP switches to OP, the arrival rate of the subsequent operations
will drop sharply. As a result, all operations that have arrived but not completed are more likely to
be (randomly) selected by PitStop for propagation. PitStop’s role in speeding up the recovery
may further drive up the effectiveness of PitStop relative to MP.
The per-operation latency of PitStop relative to BMP is shown in Fig. 4b. At the beginning

of each UP phase, BMP is indeed effective: it batches up a number of operations and assigns the
processing to an available core/thread. The turning point however is that when all cores/threads
become occupied. At this point, each BMP data processing task — even more coarse-grained than
an MP data processing task due to batching — may take longer time to complete, and the cascading
effect similar to MP occurs. This is why the relative effectiveness of PitStop increases often in
the middle of each UP phase. In summary, BMP is friendly at the onset of an UP phase when
there are still available cores/resources, but unfriendly when cores become saturated: at this point,
batching makes BMP even coarser-grained than MP. In other words, not only the query processing
is run-to-completion, and BMP requires multiple operations in the same batch to run to completion
as one unit of concurrency. The coarsening here is prone to load imbalancing, leading to inferior
performance of BMP as the UP phase continues on.

The Trend Across Fluctuation Scenarios. As we move from F1 to F3, the effectiveness of PitStop
over MP generally decreases (Fig. 3a), whereas the effectiveness of PitStop over BMP generally
increases (Fig. 3b). The difference between the three fluctuation settings is F1/F2/F3 has the short-
est/medium/longest recovery period in each OP phase. As the OP phase becomes longer, MP is
more likely to recover from its cascading effect. For BMP however, a longer OP phase implies fewer
opportunities for batching. These opposite trends highlight the applicability difference among
the 3 systems: MP is friendly for OP, BMP is friendly for UP, and PitStop has the dual impact of
“softening the blunt” in UP and “speeding up the recovery” in OP, and thus strikes a balance in
mitigating workload fluctuation.

6.3 Throughput Optimization

In online data processing where operations continuously arrive and get processed, the meaningful
throughput is rolling throughput, i.e., the number of processed operations based on a rolling window
of time. Fig. 5 shows the peak rolling throughput where the time window is set as 100 seconds.
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Fig. 5. A Summary of PitStop Peak Throughput (The Y-axis is the peak throughput of processing operations

with PitStop against the two baselines, for the trace of 10,000 operations described in § 5. For each bar, the

higher the better. The other conventions are identical to Fig. 3.)

As shown here, PitStop outperforms MP by 1.8×-4.5× and BMP by 1×-2.4×. Unlike the pro-
nounced latency impact, PitStop occasionally does not have a positive impact on throughput.
For example, for the two fluctuation settings F1 and F2, PitStop breaks even in throughput with
BMP for the dataset of Github. Among the 3 datasets, Github is the smallest. Relatively, the benefit
PitStop brings in on latency reduction has limited impact on the throughput; instead, BMP shines
for its natural friendliness for increasing peak throughput: every operation in a batch completes at
the same time, forming a “peak” for the enclosing time window in which the rolling throughput is
calculated. In a way, the real story — and a pleasant surprise — is that PitStop can outperform
BMP in peak throughput in most cases.

6.4 Latency Variance Mitigation
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Fig. 6. Average Normalized Standard Devia-

tions of Operation Latency for PitStop (For

each dataset, MP and BMP refer to PitStop

results normalized against MP and BMP

respectively. Results are averaged across 3

fluctuation settings. A value greater than 1

means PitStop has less variance than the

comparative baseline.)

The less obvious feature is that PitStop exhibits less
latency variance in most comparative experiments. As
shown in Fig. 6, the standard deviation of PitStop is
significantly smaller than that of MP in all scenarios,
and the standard deviation of PitStop is smaller than
BMP for almost all scenarios. Note that latency variance
among operations is inherent: each operation has differ-
ent amount of work. What this comparison shows is that
MP and BMP may further amplify the variance, likely
resulting from a combination of the cascading effect and
less balanced work load.

6.5 Alternative LDSIZE Settings

We experimented PitStop with different partition sizes
by altering LDSIZE, with results shown in Fig. 7. Overall,
LDSIZE has limited impact on PitStop performancewhen
there are tens or (low) hundreds of pitstops in data. In
this range, tuning LDSIZE may have ±10% difference,
relatively small to the difference due to core features (MP

vs. PitStop or BMP vs. PitStop). The key take-away message is that the effectiveness of PitStop
is not hinged on a “fortunate” LDSIZE choice: a wide range of values can work, and if a thorough
tuning is performed, PitStop may even have a 10% headroom for further speedup. Performance
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impact becomes more pronounced when LDSIZE is set outside the range above. On one end of the
spectrum, when LDSIZE is set as small as 1/512 of the graph size, latency degradation becomes
more visible in Fig. 7. We will revisit another extreme on the other end of the spectrum where
LDSIZE is set to be as large as the size of the graph, in § 6.9.

6.6 Alternative Trace Compositions

Table 4. Throughput (ops/sec): the Read-Write

Traces

Twitter Stack Overflow Github

PitStop 40.05 54.88 176.70
BMP 2.71 3.19 14.50
MP 0.45 1.93 6.25

We further conducted the same experiments for read-
write traces. The throughputs of MP, BMP, and Pit-
Stop for the three datasets can be found in Fig. 4.
With PitStop outperforming magnitudes better, the
latency graphs become uninteresting: the speedups
rapidly increase. What matters here is PitStop is
friendly for leg parallelism, independent of whether
the operation is query or update. The throughput
data for read-write traces for PitStop and the read-
only traces for PitStop are on par. A more advanced

locking support for MP and BMP may make them more efficient, but unless such support is able
to process read-write traces equally efficiently as read-only traces, it is unlikely to outperform
PitStop, which enjoys semantics-independent leg parallelism.

6.7 Alternative Operation Target Distribution

For the power-law traces, the experimental results can be seen in Fig. 8. Compared with the
uniformly random trace, the results here follow the same general trend for the PitStop vs. MP
comparison. More interestingly, our experiments show PitStop outperforms BMP at a larger
margin for the power-law trace: Github for instance has a peak speedup of 3×-5× for uniform trace
(see the main paper), but now has a peak speedup of 9×-11× for power-law traces. This highlights
the challenges of determining wait time (𝑊𝑇 ) in the BMP baseline. When the target nodes of the
operation trace are uniformly random, a fixed𝑊𝑇 appears to make BMP a relatively performant
baseline. When target nodes fall into a power-law distribution however, a pre-determined𝑊𝑇

can no longer take into the account that the nodes targeted by the operations are “lopsided.”
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Fig. 8. PitStop Latency Speedup with Power-Law Traces with Fluctuation Setting F1
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Fig. 9. PitStop Latency Speedup in Perpetual UP Scenarios (higher is better)
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Fig. 10. PitStop Latency Speedup in Perpetual OP Scenarios (higher is better)

PitStop, however, remains resilient in the presence of the power-law trace thanks to its fine-
grained parallelism, and more importantly, its lack of need for heuristically determining𝑊𝑇 in the
first place.

6.8 PitStop in Perpetual UP/OP Scenarios

PitStop is primarily designed for query language runtimes that may need to react to fluctuating
workloads. In this section, we study how PitStop under two extreme scenarios: the Perpetual UP
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Fig. 11. Rolling Throughput Results of Ablation Studies (In each sub-figure, the X-axis is elapsed time, and

the Y-axis is the rolling throughput. All are under F1. For the curve, the higher the better.)
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scenario when PitStop perpetually receives more operations than it can process, and the Perpetual
OP scenario when PitStop perpetually receives fewer operations than it processes.

The results for the Perpetual UP scenario can be found in Fig. 9. In near all time intervals, PitStop
significantly outperforms MP: as time goes on, the cascading effect makes MP progressively
worse. PitStop is as effective as BMP. Now that there are many more operations than a query
language runtime can process, both PitStop and BMP have batching in play, leading to comparable
performance.
The results for the Perpetual OP scenario can be found in Fig. 10. As shown here, PitStop is

not as effective as MP, but more effective than BMP. The fact that MP is better should come as no
surprise: now that the underlying system is often idle — i.e., with more computational resources
than it needs — the simple execution semantics that each query is processed to completion works
just fine. With PitStop however, the bookkeeping for pitstops and the additional maintenance of
leg paralellism may introduce overhead. The more interesting observation here is that PitStop can
outperform BMP. With BMP, the voluntary wait for forming batches is slowing down the query
processing.
Our experiments in the Perpetual OP scenario can also be interpreted as an overhead analysis:

it isolates the overhead by introducing the extreme scenario where there are only "pains" (of
interruption and resumption) but no "gains" (i.e., the same interrupted operation will be resumed
again). Recall that in § 1 and § 3, we discussed the applicability of PitStop: it is primarily designed
for online data processing with workload fluctuation.
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6.9 Ablation Study

We now study how design features in PitStop contribute to its effectiveness through an ablation
study with 3 settings. First, the Only Batching setting supports the top-level buffer, but there are no
pitstops inside the data (and hence no leg concurrency). Whenever a thread becomes available, all
requests in the buffer are processed as a batch. This setting is similar to our baseline BMP, except
that we do not form batches through bounded batch size and voluntary wait, and there is no fusion.
In implementation, it is analogous to PitStop when LDSIZE is set as the graph size, and fusion
is disabled. Second, the Only Fusion setting is also supported by the top-level buffer for arriving
requests, and whenever a thread becomes available, it will fuse the requests in the buffer when
possible, but no batching. Third, the Only Leg Concur setting allows pitstops to be placed inside the
data, and leg concurrency is allowed, but no batching or fusion is allowed. All 3 settings support
parallelism just as PitStop does. Their relative effectiveness is shown in Fig. 11 on throughput and
Fig. 12a on latency.

Overall, PitStop consistently performs better than the ablated variants, and often significantly
so. Fig. 11 shows that the peak throughput for PitStop is higher than all ablated variants. In Fig. 12a,
7 of the 9 variants of ablation have a latency slowdown of around 3× or more. It is the synergy of
the three features that leads PitStop to a performance that none can achieve individually.

The Batching Only variant indeed can occasionally achieve competitive performance. For example,
this ablation variant for StackOverflow is at 1.01× and Twitter at 1.25× in Fig. 12a, only slightly
less competitive than PitStop. There are two additional reasons why PitStop remains favorable.
First, PitStop remains effective in mitigating latency variance compared against the ablation
settings (recall the same trend in § 6.4 when compared against MP and BMP). The comparative
results against ablation settings are shown in Fig. 12b. Second, as we aim for a general solution
neutral to data sets, PitStop exhibits more consistently superior performance across datasets.

6.10 Memory Consumption

Table 5. Memory Consumption (Twitter under
fluctuation setting F1)

peak memory consumption (GB)

PitStop 20.77 ± 0.15
BMP 20.77 ± 0.13
MP 21.25 ± 0.16

PitStop has negligible impact on memory consump-
tion, with the results for Twitter shown in Fig. 5.
PitStop consumes statistically the same amount of
memory as BMP, and consumes slightly less mem-
ory than the unmodified Neo4j (MP). This result
should not come as a surprise. Recall in § 4 that the
space complexity of PitStop is 𝑂 (𝑛), where 𝑛 is
the number of operations. In other words, the only
additional storage is to keep track of which pitstop
each operation batch has propagated to. For our ex-

periments of 10,000 operations, there are 10,000 entries, in KB-range data. This is dwarfed in 5-6
magnitudes by the memory consumption needed for large-scale data processing, e.g., more than
20GB in our experiments here. In other words, the deciding factor of memory usage becomes the
overall efficiency of data processing itself. Finally, note that varying LDSIZE has no impact on
memory consumption, as the number of operations remains the same.

6.11 A Reflexive Look on Data-Aware Concurrency

It is important to observe that while our comparative baselines (MP and BMP) are in operation, the
underlying system already supports (semantics-oblivious) concurrency: the Java Virtual Machine
(JVM) may optimize thread management, the OS may perform context switches, and the hardware
may resort to Simultaneous Multithreading (SMT). These lower-layer concurrency mechanisms
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Fig. 13. PitStop-I Latency Speedup with Fluctuation Setting F1

remain unchanged in the PitStop experiments. In other words, our experiments show that leg
parallelism can lead to additional performance benefits on top of a JVM/OS/hardware stack that
already supports lower-level concurrency.

7 Extension and Discussion

PitStop is a fundamental redesign at the core of the query language runtime itself. In this section,
we describe how the core ideas behind interruptible query processing may compose with the
diverse set of existing techniques.

7.1 Extension: PitStop Integrated with Indexing

The PitStop algorithm can also be combined with existing index-based data access. For example,
with hashing-based indexing, realizing simple key-value lookups can be completed in constant
time assuming the index is pre-built. Indeed, indexing is not a panacea for data processing because
not all operations can be processed through indexing. For example, queries can be dependent
on structural patterns or may require aggregation among a large number of data. For the rest of
the discussion, we refer to simple queries that can be processed through index lookup as indexed
operations and those are not as non-indexed operations. We built a variant of PitStop where the
PitStop algorithm is integrated with indexing, called PitStop-I.
The design of PitStop-I for read-only data access is trivial, because indexed queries and non-

indexed queries can interleave without any concern on data consistency. For dynamic data access,
PitStop-I can follow the similar compensation-based solution classic in indexing systems: (1)
each indexed operation is first processed through the index, and the result is compensated by the
latest non-completed operation targeting the same node (i.e., with the same index key). (2) each
non-indexed operation is processed with the default PitStop algorithm.
For our datasets, we treat the “find user” operations in Twitter and StackOverflow, and “find

pulls” and “find pushes” operations in GitHub as indexed queries, and the rest of operations as non-
indexed queries. When PitStop-I is compared against baselines, MP and BMP are also integrated
with indexed access. In other words, for the same indexed operations in PitStop-I, they will also
be processed through indexing in MP and BMP.

The performance of PitStop-I is shown in Fig. 13. Observe that the same trend that we showed
earlier for PitStop (without indexing) is preserved here: PitStop-I outperforms both MP and
BMP significantly when data processing is in the UP phase. Relative to PitStop without indexing,
the speed up for PitStop-I is occasionally less significant. This is not surprising because indexed
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operations are usually processed magnitudes faster. Our results show that PitStop-I remains an
effective solution in this setting due to its significant advantage in handling non-indexed operations.

7.2 Relational Data Processing

PitStop is evaluated on graph data. As our algorithm specification is neutral to the structure of
data, we believe the core idea may also be built on top of relational data processing systems. The
latter however come with distinct operators, whose support we now sketch.
Column projection can be directly supported by ours. Unlike our specification where each

operation is realized at one data node, the projection operation can continue to propagate through
all records, and continuously and incrementally collects the column data of interest until the last
record is reached. When multiple projection operations are issued, each may collect the column of
its interest, at their own pace through the propagation.
The SQL-style GROUP BY operator can be supported in a similar fashion, except the result is a

mapping whose domain constitute the column values of interest identified by the GROUP BY operator.
This operator is often used for aggregation. With an algorithm such PitStop, the aggregation
function can be performed incrementally, so that when the propagation reaches the last record, the
final result of aggregation is produced.

Table joins can be supported through nested operations. To support the join of table A and table
B with column X, the join operation should propagate within the data of table A following the
specification of PitStop. For each record it encounters, the join operation 𝑜1 may issue another
operation 𝑜2, to be propagated and realized with the data of table B following the behavior of
the PitStop specification. When 𝑜2 completes the table B scan, the propagation of table A can
now proceed to the next node. What the core algorithm of PitStop brings in is a natural flavor of
incremental joins where processing this well-known expensive operator can be broken down into
legs, both within table A scanning and table B scanning.

7.3 Programmable Operation Dependencies

In PitStop, data flow dependencies between operations are supported through the target of
operations. For example, ℓ2 may depend on ℓ1 if both operate on the same target key, and ℓ1 is an
update and the subsequently issued ℓ2 is a query. The key to ensuring the correct behavior in the
presence of operation dependencies is chronological order preservation (see the end of § 3, and
§ 4). With an extension on the programming model of the operations itself, PitStop is also capable
of supporting data flow dependencies where the result of an operation may be named as a variable,
which subsequently occurs in another operation. To support this variant, the primary change is
that substitution (i.e., replacing the variable name with the value result) may happen during the
propagation. It is also possible some operation may never be realized (for example, two operations
mutually depend on each other’s result), which according to our algorithm specification, such an
operation will return⊥ at the end of propagation. Thanks to the key property of chronological order
preservation preserved by PitStop, the rest of the PitStop does not require additional changes.

7.4 Distributed Data Processing

To support distributed data, PitStop can be applied to each cluster node, where sequential consis-
tency can be enforced within the cluster node. Enforcing sequential consistency for PitStop across
the entire distributed cluster would be expensive, as it is for distributed data processing in general.
Indeed, the key to scalable distributed data processing is to relax the consistency model [56]. With
this expectation, PitStop can be extended to distributed data processing in a standard manner,
where sequential consistency is preserved within each node, and relaxed consistency is achieved
across nodes.
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8 Related Work

Allowing a potentially long computation to be interrupted is a classic idea across the computing
stack. The most well-known example is perhaps OS interrupts, which an OS thread can be in-
terrupted by interrupt handlers so that high-priority system maintenance can be performed in a
timely manner. In OS with cooperative scheduling, a thread can also be interrupted and context-
switched when its share of time is completed. As recent examples, ITask [19] may interrupt a
memory-intensive task upon memory pressure for partial memory reclamation. Shinjuku [36]
supports preemptive scheduling between short requests and long requests to reduce tail latency.
Intermittent computing [41] allows a computation to be interrupted due to resource constraints,
such as insufficient power source, and resume later. SEDA [61] allows a network service divided
into a network of stages through a programming model. As interruption and resumption are closely
related, checkpointing systems (e.g., [38, 41, 45, 48]) are also technically relevant in this design space.
On one hand, interruptible query processing shares the same high-level philosophy, incarnating
the philosophy into the design of query runtimes. On the other hand, the specific and unique
needs of different systems lead to different designs. In our case, our problem domain is online
query processing. Our design goal is to enable scalable performance in the presence of workload
fluctuation. Our solution is a form of incremental query propagation within data, coupled with leg
parallelism. In other words, the analogy between a query runtime and, say a memory allocator or a
battery-powered device, can only go to an extent. For example, checkpointing, a central problem in
many systems cited above, is relatively straightforward in PitStop: each operation only needs to
remember which pitstop it has reached so far.
Deferring query processing is the central idea of a number of query processing systems. Here,

the most relevant guiding technique is lazy evaluation. For example, Sloth [13] is a compiler where
a data processing request in a database-backed program is lazily evaluated, so that a traditional
call-by-need style of program semantics can guide query execution, leading to reduced database
round-trips. Lazy transactions [18] allows the execution of a transaction to be split into a now-phase
and a later-phase. In neither system, the deferral happens during the data inspection, the key idea of
PitStop. In spirit, PitStop is closer to incremental computing [4, 31, 33, 34, 47], in that the PitStop
operations are incrementally propagated through data. Lineage-based programming [30] allows
deferred computation at the boundary of distributed network nodes. We diverge on our design
goals: theirs on fault tolerance in distributed data processing and ours on workload fluctuation
in cloud-based data processing. As a result, we do not overlap on other aspects of design and
evaluation. KickStarter [60] addresses continuous queries, i.e., the same (query) operation (e.g.,
returning the node with the largest payload value) is continuously processed over time but the
underlying (graph) data continuously change. They have an incremental algorithm to determine
whether the query needs to be recomputed based on what graph changes happen. In PitStop,
the operations that arrive at the query runtime are arbitrary (Cypher) queries and updates, not
(multiple instances of) the same query.

There is a large body of work on query optimization. Batching is a classic optimization in
data processing. Cooperative scans [65] allow multiple queries to share a scan cursor in data
processing, with a focus on efficient storage access. Crescando [9, 24, 58] is a collaborative data
inspection system for in-memory data processing, where query-data joins and update-data joins
are supported for operation processing in a batch. These systems do not allow the query processing
to be interrupted; indeed, our comparative BMP baseline is the adaptation of Crescando to graph
databases. Multi-query optimization (MQO) [52, 53] shares our belief that multiple requests should
be considered as a whole for optimization, not in isolation. MQO approaches generally combine
multiple queries together through compilation, and often identify common subqueries that can
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be shared among queries. As a more recent exxample, SharedDB [23] compiles the database
workloads into a global and optimized query plan. Query pipelining allows nested SQL queries [62],
programmable queries [8], or multiple queries [32] to be compiled and processed in a pipelined
manner, often in a vectorized execution. While pipelining is a good solution when the underlying
system is in a perpetual UP state, it is not known as a solutoin for addressing workload fluutation.
Overall, PitStop is orthogonal to MQO approaches other than the high-level philosophy: two
central ideas of our approach — incremental propagation and fine-grained parallelism — are not
part of the MQO design space.
Actors [5, 35] is a foundational model that leads to many influential language designs that

support fine-grained concurrency. Java virtual threads, Go routines, and CML [49] are widely
known examples in realistic languages. These features provide natural vehicles for implementing
fine-grained concurrency, but to achieve scalable performance, additional runtime support is needed,
with examples such as work stealing [22], MultiMLton [54], and Scala Akka [6]. The idea of fine-
grained parallelism has also influenced the design of many computer systems with scalablity as
a concern, such as AWS Lambda, ActOP [44], and PLASMA [51]. In this context, PitStop is a
runtime design that harvests the semantic information of query processing for achieving fine-
grained concurrency. In data processing, data streaming systems—often enabled by data flow and
data streaming languages [7, 10, 43, 55, 57, 57, 59]—are also known for their parallelism support.
Conceptually, the design space explored by data streaming systems and PitStop are duals. In
PitStop, operations flow through (different pitstops of the potentially large) data whereas in
data streaming systems, data flow through (often networks of) operations. The duality between
operations-flowing-through-data and data-flowing-through-operations was articulated before [15].

DON calculus [15] lays a formal foundation for online data processing. It defines a spectrum of
online data processing systems, focusing two core features: (1) incremental operation processing:
a (query/update) operation can be incrementally propagated through the data, and (2) temporal
locality optimization: multiple operations issued near the same time may be optimized through
term rewriting. Most notably, they show that under certain conditions (which they call phase
distinction), a determinism property holds which says that the result of online data processing of a
sequence of operations — despite the non-deterministic executions due to incremental processing
and temporal locality optimization — remains identical to that from sequential processing the
sequence of operations. In that light, PitStop can be conceptually viewed as a concrete instance in
that spectrum of online data processing algorithms. PitStop supports a more restricted form of
incremental operation processing: whereas DON calculus allows an operation to be incrementally
propagated to any node in the data, PitStop only allows the incremental propagation to pause
at pitstop nodes. PitStop supports batching and fusion, which are perhaps the most commonly
used “temporal locality” optimizations in practice; DON instead supports general term rewriting
as optimizations which may go beyond batching and fusion. The phase distinction condition of
their calculus requires that a query cannot generate another query during the query processing
process; this condition trivially holds for Cypher. DON calculus does not support parallelism, a
centerpiece of our work. Lacking experimental evaluation, DON calculus confirmed that a family
of online data processing algorithm can be correctly designed, without unknown experimental
effectiveness. PitStop identifies that workload fluctuation and long-tail are compelling use scenarios
for incremental propagation in query processing.

Broadly, mitigating workload fluctuation is a fundamental problem in computer systems which
can be addressed at different layers. In data centers, the most established route is dynamic provi-
sioning [12, 28], often coupled with workload analysis and prediction [20, 25]. In these systems, a
more accurate prediction on the workload enables dynamic provisioning of computation resources,
often through turning on/off servers. As powering servers on/off usually takes time (in seconds or
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minutes), such an approach is most effective in workload fluctuation settings with coarser time
intervals, such as those with diurnal patterns. Another classic OS approach is to address workload
fluctuation with dynamic resource allocation [11]. As perfect provisioning is not realistic, PitStop
complements these approaches for scenarios where UP and OP may happen in practice, and by
innovating over a unique aspect of the data processing engine, data inspection. Our experiments
show PitStop is capable of addressing fine-grained workload fluctuations over a short duration of
time.

9 Conclusion

PitStop is a novel query runtime designed for online data processing in the presence of workload
fluctuation. The key idea is to view the otherwise monolithic query processing incrementally, where
each step of incremental query propagation is enabled through fine-grained concurrency. PitStop
satisfies a trio of competing goals in data processing: achieving scalable performance, processing
dynamic data, and maintaining sequential consistency. PitStop address challenging use scenarios
such as workload fluctuation and longtail, whose effectiveness is evidenced by experiments over
real-world graph datasets on cloud servers.

In the future, we would like to extend the core idea of PitStop in several dimensions. First, we
would like to build a distributed data processing system where PitStop runs within each node in
the cluster, and relaxed consistency is enforced across nodes (§ 7.4). Another interesting direction is
to achieve failure resilience and transparency. With atomicity (§ 3), disregarding a failed operation
per se is less difficult: if a failure happens during its propagation, no persistent data is modified,
and the failed operation can be removed from the pitstop it current resides. A more interesting
design space lies in efficient checkpointing to speed up failure recovery. With our discussion in § 8
on the connection between PitStop and checkpointing, our speculation is that PitStop is already
a more checkpointing-friendly system than MP: if pitstop information is preserved as checkpoints,
data inspection of a recovered operation (after failure) can continue from the saved pitstop, instead
from the beginning.
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