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Abstract
Graph Neural Networks (GNNs) have the potential to address real-
world problems involving continuously evolving, graph-structured
data, such as fraud detection, real-time recommendations, and traf-
fic monitoring. These applications require the timely processing of
streaming (possibly unbounded) data, highlighting the need of in-
tegrating GNN inference with dataflow stream processing systems,
like Apache Flink. In this paper, we present the first exploration of
bridging this gap, by designing a streaming GNN serving pipeline
with Flink and PyTorch. We propose a dataflow architecture that
offloads subgraph construction to Flink, leveraging its state man-
agement and distributed processing capabilities. Despite achieving
viable performance through asynchronous inference requests and
careful parallelism tuning, we also identify significant limitations
stemming from Flink’s state scoping, lack of iterative processing,
and computation pipelining. We propose solutions that mitigate
these issues within Flink and discuss open challenges towards de-
veloping dataflow systems tailored to streaming GNN inference.

CCS Concepts
• Information systems → Stream management; • Computing
methodologies→Machine learning.
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1 Introduction
Graph Neural Networks (GNNs) have emerged as a powerful para-
digm for processing and analyzing graph-structured data. They are
widely used in domains such as drug discovery [21], recommenda-
tion systems [23, 37, 38], and traffic optimization [11, 19]. Unlike
traditional machine learning models that operate on tabular or se-
quential data, GNNs capture the rich relational structure of graphs
by aggregating information from neighboring nodes through it-
erative message passing. This enables them to learn expressive
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representations for nodes, edges, or subgraphs; supporting tasks
like node classification, link prediction, and personalized ranking.

While GNNs have shown strong performance in offline settings,
many real-world applications require inference in real time, as
new nodes and edges arrive. Consider fraud detection in financial
systems [20]: banks and payment platforms process millions of
transactions daily, forming a streaming transaction graph, where
nodes represent accounts and edges represent money transfers.
As new transactions arrive, the system must quickly retrieve the
relevant subgraph (e.g. involving the sender and receiver), update
embeddings, and assess the transaction for suspicious patterns – all
within milliseconds before the transaction is finalized. Similarly, in
e-commerce and content platforms [32], real-time GNN inference
enables updating user and item embeddings on-the-fly, to serve
personalized recommendations that reflect current behavior rather
than stale history. These workloads require fast, localized subgraph
construction and inference in response to streaming data [27].

Dataflow stream processing systems [25, 29, 30], like Apache
Flink and Spark Streaming, support continuous ingestion, low-
latency data processing, event-time semantics, and window-based
operations over unbounded streams. At the same time, they provide
efficient distributed execution, enabling the development of large-
scale GNN inference pipelines, whose load may exceed the capacity
of a single machine. However, current dataflow systems do not
natively support GNN operations, such as 𝑘-hop neighborhood
traversal, subgraph assembly, or integration with deep learning
frameworks [15]. Bridging this gap is challenging because GNNs
are inherently recursive, while dataflow systems typically support
acyclic computation graphs.

In this paper, we explore the systems challenges of performing
GNN inference (using a pre-trained model) within a streaming
dataflow framework. As a first step, we design and implement a
prototype pipeline that operates on a static graph snapshot, pre-
loaded into Flink’s managed state. The pipeline offloads subgraph
construction to Flink and performs inference using a pre-trained
GraphSAGE model hosted in TorchServe. Inference requests ar-
rive to the system as a stream of target node IDs, which trigger
node-level prediction tasks. This setting is representative of appli-
cations that aim to classify or score individual entities (e.g. users
or accounts), such as fraud detection or recommendation. For each
such node, Flink (i) retrieves its 𝑘-hop neighborhood and features
from distributed keyed state and (ii) sends the resulting subgraph
to TorchServe for embedding generation and prediction.

In developing this streaming GNN pipeline, we identify several
fundamental challenges. First, GNN inference requires iterative
neighborhood expansion, but Flink does not support iteration na-
tively, hence, each hop must be represented by an explicit operator
stage. Second, storing the graph data in keyed state [8] restricts
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operators from directly reading the state of neighboring nodes and
forces additional communication and repartitioning. Third, due to
pipelined and parallel execution, operators lack a built-in notion of
when a subgraph is complete, complicating neighborhood assembly
before inference. Finally, because Flink relies on embedded state
backends, like RocksDB, the graph state must be initialized by a
separate job, which increases the pipeline complexity.

We evaluate our prototype on a real-world graph and demon-
strate that it can sustain over 2000 requests/s, with median end-to-
end latency under 400ms, across a range of configurations. We test
how system throughput and latency vary under different input rates,
hop limits, and model configurations, and highlight open research
directions for extending dataflow systems to support graph-centric
and recursive workloads required by GNN inference.

We make the following contributions:

• We design the first Flink-based GNN inference pipeline that
performs subgraph construction in streaming mode and inte-
grates with TorchServe for real-time embedding generation.

• We identify and categorize fundamental challenges in using
dataflow systems for GNN inference.

• We propose simple yet effective mechanisms to overcome
these challenges using Flink’s existing abstractions.

• We discuss open research problems and opportunities for
future work towards making streaming GNN scalable.

Our code is available at https://github.com/CASP-Systems-BU/GNN_
InferenceStream.

2 Background
In this section, we briefly review the GNN inference process, intro-
duce key concepts of stream processing systems, and explain how
GNN inference can be mapped to the streaming dataflow model.

2.1 Overview of GNN inference
GNNs are a class of neural networks that operate on graph-structured
data [14, 33, 42]. The core principle behind GNNs is the iterative ag-
gregation of features from a node’s neighborhood, enabling nodes
to learn representations called embeddings, which capture local and
global properties of the graph. GNN inference is the process of
generating these embeddings for nodes (or edges or entire graphs)
using a pre-trained GNN model. In this work, we focus specifically
on sampling-based GNNs [9, 14, 37], where a subset of a node’s
neighborhood is sampled for aggregation during inference. We use
GraphSAGE [14] as a representative sampling-based GNN model.

The inference process typically consists of three stages, as shown
in Figure 1. First, for a given target node (the node for which we
aim to compute an embedding), its 𝑘-hop neighborhood is retrieved
from the graph. This neighborhood includes both the node IDs and
their associated feature vectors. Second, features from neighboring
nodes are aggregated layer by layer, where each layer corresponds
to a hop in the neighborhood. This stage, known as message passing
and aggregation, is often implemented as a sequence of matrix
multiplications and non-linear activation functions in frameworks
such as PyTorch Geometric [9] or DGL [3]. Finally, after 𝑘 layers of
aggregation, the model computes the embedding of the target node.

Target nodes 
for Inference Subgraph Extraction Embedding generation

for target node

aggr 
+ 

W1

aggr 
+ 

W2

aggr 
+ 

W2

aggr 
+ 
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layer 1
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Figure 1: GNN inference process. The figure illustrates the
three stages of inference: streaming of target nodes, extract-
ing k-hop neighborhood, and embedding generation.

This embedding can then be used for downstream tasks, such as
node classification or link prediction.

While traditional GNN inference is often performed in batch
settings over static graphs [28, 35, 40], many real-world applications
require performing inference online, on a stream of target nodes (or
edges). In such scenarios, retrieving neighborhoods and generating
embeddings must be performed continuously, as new data arrives.
This necessitates a system capable of continuous ingestion, stateful
processing, and scalable execution – characteristics provided by
dataflow stream processing frameworks, like Apache Flink.

2.2 The dataflow stream processing model
Stream processing systems (SPSs) [13, 29, 30] are designed to pro-
cess unbounded, continuously arriving data with low latency and
high throughput. In the context of online GNN inference, data typi-
cally arrives as a stream (e.g. user events, financial transactions) and
might require stateful pre-processing, complex feature engineering
(potentially derived frommultiple streams or joins with graph data),
or filtering, before triggering predictions. SPSs excel at building
and managing such integrated pipelines.

In this work, we select Apache Flink, as a representative dataflow
stream processing system. A dataflow program in Flink is a directed
acyclic graph (DAG) where vertices represent operators and edges
represent the flow of data between them. At the logical level, a Flink
job is defined as a sequence of transformations, such as filtering,
projection (extracting specific fields), grouping (partitioning data
based on a key), continuous aggregation (maintaining running
computations), joins (combining multiple streams), and windowed
aggregation (aggregating data within time intervals). These logical
operations are then translated into a physical dataflow and executed
in parallel, across a distributed cluster.

An important concept in the dataflow execution model is keyed
state [8]. Dataflow systems partition incoming records based on
a key (e.g. a node ID in a graph) and assign physical partitions to
parallel operator tasks. The system runtime transparently routes
records with a specific key to its corresponding physical partition.
The state associated with each key is isolated and stored locally
within each task. To enable persistence and scalability, Flink uses
an embedded key-value store, such as RocksDB, to manage large
state efficiently. This design enables operators to maintain large
amounts of state without requiring all data to reside in memory.

https://github.com/CASP-Systems-BU/GNN_InferenceStream
https://github.com/CASP-Systems-BU/GNN_InferenceStream
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Modern dataflow systems also support event-time processing,
where the computation progress in the system is determined by
watermarks [2]. Watermarks allow dataflow tasks to reason about
time-dependent operations, such as timers and windows, in the
presence of out-of-order events. Operators can register event-time
timers that trigger actions, like window aggregation or other com-
putations, once the watermark surpasses a predefined timestamp.

2.3 GNN inference as a streaming dataflow
At a high level, GNN inference can be conceptually mapped to
streaming dataflow program. The three primary stages of GNN
inference – (i) neighborhood construction, (ii) feature retrieval, and
(iii) embedding generation—naturally correspond to SPS transfor-
mations. However, mapping GNN inference to a dataflow computa-
tion requires representing the graph structure (nodes and edges)
and node features as key-value pairs. In such a representation, each
node ID serves as a key, while the corresponding value stores the
node’s feature vector and its adjacency information. When a SPS
receives a request to generate an embedding for a target node, it
must execute a series of operations that mirror the GNN inference
process: retrieve the k-hop neighborhood around the target node,
collect the feature vectors for all nodes in this neighborhood, and
finally compute the embedding by applying the learned GNN pa-
rameters to this localized subgraph. Realizing this conceptual map-
ping presents several practical challenges, particularly in managing
distributed state for large graphs, efficiently expanding 𝑘-hop neigh-
borhoods across parallel operators, and maintaining low-latency,
high-throughput processing in a streaming environment. We ex-
plore these challenges in detail in the following section.

3 Challenges of streaming GNN inference
Before diving into the technical challenges of implementing GNN
streaming inference, we first describe how the graph is represented
and stored as dataflow state. Systems like Flink require that all state
be explicitly partitioned by key, so we represent the graph with
two key-value mappings: (1) a structure mapping that captures
the graph topology as nodeID → list of neighbors, and (2) a
feature mapping that stores node attributes as nodeID → feature
vector. This representation allows the graph to be distributed
across multiple parallel workers based on node IDs and enables
local neighborhood lookups during subgraph construction. Table 1
illustrates how the example graph of Figure 1 would be represented
internally as key-value pairs in Flink state.

3.1 Challenge 1: Lack of iterative support
Stream processing frameworks rely on a static dataflow architec-
ture, where the computational pipeline is pre-defined as a directed
acyclic graph (DAG) of operators. However, graph traversal for
GNN inference requires retrieving a 𝑘-hop neighborhood, repeat-
edly exploring neighbors around a node for 𝑘 steps. This itera-
tive graph traversal is in conflict with the acyclic structure of the
dataflow model. As a result, each hop in the traversal must be ex-
plicitly represented as a separate operator stage. For instance, if
the pipeline is designed to expand up to 3 hops, it must explicitly
define three distinct operators in the job. This design constraint pre-
vents dynamically adjusting the traversal depth without redefining

Table 1: Key-value representation of the graph in Figure 1.

(a) Structure mapping
Key Value

(Node ID) (Neighbors)
100 [101, 103, 104, 107, 108]
101 [100, 105, 106, 107]
102 [104]
103 [100, 105]
104 [100, 102, 108]
105 [101, 103]
106 [101]
107 [100, 101, 108]
108 [100, 104, 107]

(b) Feature mapping
Key Value

(Node ID) (Feature Vector)
100 [0.3, 0.4]
101 [0.7, 0.8]
102 [0.8, 0.2]
103 [0.4, 0.1]
104 [0.5, 0.6]
105 [0.2, 0.7]
106 [0.9, 0.2]
107 [0.1, 0.4]
108 [0.6, 0.3]

and redeploying the pipeline, complicating support for evolving
inference requirements for different applications.

3.2 Challenge 2: Keyed state prevents k-hop
neighborhood access

Flink manages distributed state by partitioning data into distinct
keyed partitions. Operators process events under an active key, and
state access is strictly scoped to that key [8, 17]. Consequently, an
operator handling a given node can only directly access its own as-
sociated state (1st-hop neighbors and features). For GNN inference,
retrieving 𝑘-hop neighbors requires accessing the states associated
with multiple nodes. However, because of keyed isolation, opera-
tors cannot directly read the state of neighboring nodes. Instead,
the operator must emit additional requests to downstream opera-
tors explicitly keyed by these neighbors. This limitation introduces
extra steps: each traversal step involves signaling downstream op-
erators to perform state lookups for specific keys (neighbor IDs),
incurring overhead due to additional message passing, and network
shuffles. While the keyed state design facilitates parallel processing
and scalability, it fundamentally limits expressiveness. Operators
cannot directly retrieve the state of multiple keys in a single context,
making it impossible to perform k-hop neighborhood aggregation
as a local operation.

3.3 Challenge 3: Subgraph completion
Streaming dataflow operators do not have advance knowledge of
the full set of events associated with a computation. This creates a
fundamental challenge for GNN inference: there is no built-in signal
to indicate when all the nodes and edges of a 𝑘-hop neighborhood
have arrived. Unlike batch systems where subgraphs can be pre-
computed, streaming systems must assemble them incrementally
from continuously arriving events. Moreover, shuffle operations
(e.g. keyBy) introduce data re-partitioning across parallel down-
stream operators, which combined with pipelined and distributed
execution can result in messages arriving out of order. This lack
of coordination and out-of-order delivery complicates subgraph
assembly and makes it difficult to detect when a neighborhood is
complete. These challenges arise from two factors:

(1) Pipeline parallelism: Subgraph components such as neighbors
at different hops are processed concurrently by multiple parallel
operator instances. There is no inherent coordination to signal
when all necessary parts of a specific subgraph have been collected.
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Figure 2: Data parallelism and out-of-order delivery in
streaming systems

(2) Data parallelism and out-of-order delivery: Distributed ex-
ecution introduces arbitrary delays in data propagation. As a result,
nodes from deeper hops (e.g., second-hop neighbors) may arrive
before immediate neighbors, disrupting the dependency order re-
quired for accurate GNN feature aggregation. Figure 2 illustrates
this challenge. Two upstream tasks, processing nodes 𝑢1 and 𝑢2,
independently emit messages containing neighbor information
(tuples ⟨𝑘,𝑢⟩) destined for downstream tasks 𝑜1 and 𝑜2. Each down-
stream task is responsible for a distinct key: 𝑜1 aggregates messages
for key 𝑘1, while 𝑜2 aggregates messages for 𝑘2. However, due to
shuffle operations and data parallelism, the messages may arrive in
arbitrary order. For instance, 𝑜1 may receive 𝑢1 before 𝑢2, or vice
versa. In addition, the downstream operators do not know when
they have received all messages related to their respective keys.
That is, there is no explicit signal indicating subgraph completeness.
This uncertainty complicates GNN inference, as incomplete or pre-
maturely processed subgraphs may result in missing neighborhood
information during aggregation.

3.4 Challenge 4: Graph state initialization
While any data-intensive application must perform a data load-
ing and preparation phase, if it depends on existing data, graph
state loading requires special care in Flink, as we explain below.
GNN inference requires access to both the model weights and the
underlying graph structure that the model was trained on. While
model weights can be loaded independently by the inference server
(e.g. TorchServe), the graph structure and node features must be
available to Flink operators at run time. Because Flink manages
application state via embedded RocksDB instances, this data must
first be ingested into Flink’s keyed state, where each node is stored
as a key-value pair; with the node ID as the key and its feature
vector or adjacency list as the value. While it is technically possible
to query external databases for node features or edges at inference
time, doing so introduces additional latency and is not compatible
with Flink’s state processing guarantees. Executing the required ini-
tialization job involves significant framework-specific complexity,
beyond standard data loading. The job must ingest the graph data
and populate Flink’s keyed state using specific APIs (e.g. ListState
and ValueState), while it must also ensure correct state restoration
by the subsequent inference job.

4 Solution Overview
To address the challenges of real-time GNN inference described in
Section 3, we design a distributed pipeline using Apache Flink and
TorchServe. Our architecture performs 2-hop subgraph extraction
for incoming nodes, constructs feature-rich subgraphs in JSON
format, and sends them to a GraphSAGE model for inference. The
pipeline consists of two Flink jobs: a DataLoader job that initializes
Flink’s graph state and an Inference job, shown in Figure 3, that
handles streaming inference.

Pipeline overview. The system executes the following steps:

• The DataLoader job ingests the training graph and parti-
tions it across parallel subtasks. Node features and adjacency
lists are stored in Flink’s keyed state, backed by RocksDB (cf.
Challenge 4).

• The Inference job restores this state from a savepoint [5]
and consumes a stream of target node IDs, generated by a
custom source simulating real-time inference requests.

• For each target node, the job fetches 1-hop and 2-hop neigh-
bors and features, by successively re-keying and accessing
state in separate operator stages (cf. Challenge 1, 2).

• To address the absence of explicit subgraph completion sig-
nals in Flink (cf. Challenge 3), the system uses event-time
watermarks and timers to detect when all relevant neighbor
data has arrived.

• Once complete, the neighborhood is assembled into a JSON
subgraph containing node features and edge lists. This sub-
graph is sent to a GraphSAGE model hosted on TorchServe
for inference.

• The resulting embedding is published to a Kafka sink topic
for downstream use.

Next, we describe each component of the pipeline in detail.

Graph state initialization. The DataLoader job ingests training
graph data from a file or Kafka source, where each record includes
a node ID, a list of its immediate neighbors, and its feature vector.
These records are partitioned using Flink’s keyBy operator, and
the graph is stored in RocksDB keyed state: neighbors are saved
in ListState and features in ValueState, both keyed by node ID.
This design allows the graph to be partitioned and distributed across
parallel subtasks. However, as discussed in Challenge 3, Flink does
not support shared state or direct reads across keys or operators. As
a result, we load the graph state with a dedicated job andmaterialize
it as embedded keyed state, ensuring that the subsequent Inference
job can restore this state consistently via a savepoint.

Target node ingestion. The Inference job restores its state from
the savepoint and receives a stream of target node IDs through a
custom source. This generator emits target nodes at a configurable
rate, where each record includes a node ID and a timestamp to
simulate real-time event arrival.

Neighborhood retrieval. To construct a subgraph around the
target node, the Inference job retrieves both its 1-hop and 2-hop
neighbors using two chained operators. Since Flink does not support
iterative graph traversal or cyclic dataflows, we explicitly model
each hop as a separate stage in the dataflow graph. The first operator
retrieves the immediate neighbors from ListState, emitting them
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Figure 3: End-to-end pipeline for streaming GNN inference. The DataLoader job initializes graph state in Flink, while the
Inference job processes streamed node IDs to retrieve neighborhoods and perform inference via TorchServe.

as first-hop nodes. These are re-keyed and sent to a second operator
that fetches the neighbors of the first-hop nodes—thereby retrieving
second-hop neighbors. This unrolling of hops avoids the need for
loop constructs, working around Flink’s acyclic execution model
(Challenge 1). Because Flink enforces strict isolation of keyed state,
each operator stage must access only the state associated with its
active key. To retrieve neighbors at each hop, we emit neighbor
IDs downstream and re-key the stream accordingly. Each stage
must independently access state, and since Flink requires each
stateful operator to be uniquely identified by a UID (a user-assigned
identifier that binds the operator to its state), we duplicate the
neighbor and feature state for each stage during initialization. This
ensures that each operator in the streaming job can correctly restore
its portion of state from the DataLoader savepoint.

Feature retrieval. As neighbor IDs are collected from the first
and second-hop sampling stages, they are immediately passed
downstream to a keyed operator for feature retrieval. Each node
ID—whether the target or a 1/2-hop neighbor is looked up in
ValueState to retrieve its feature vector. The result is a stream
of tuples, each containing the target node ID, the source node that
emitted the current node (used for tracking neighborhood connec-
tivity), the current node ID whose features are being retrieved, the
feature vector, and the hop level (1 for 1-hop neighbor, 2 for 2-hop).

Subgraph assembly. To determine when all parts of a subgraph
have arrived at a subtask, we rely on Flink’s event-time processing
model [6]. Each target node is assigned an event-time timestamp,
and a timer is registered to fire after the watermark passes this
time plus an allowed lateness (eg, +1ms). This mechanism ensures
that all relevant messages for the subgraph have been received
before proceeding with assembly. The subgraph is assembled in
a KeyedProcessFunction that collects all relevant records into
a buffer. When the timer fires, we serialize the subgraph into a
JSON object containing node features and edge indices. TorchServe
expects input in a structured format, and JSON provides a flexible,
language-agnostic way to package the subgraph for inference.

GNN inference and output. The serialized subgraphs are sent to
TorchServe with Flink’s asynchronous API [4]. The model returns
the embedding for the target node, which is then published to a

Kafka sink topic for downstream consumers, such as a recommen-
dation engine or fraud detection module.

This design carefully adapts Flink’s dataflow model to support
recursive, stateful operations required by GNN inference. By lever-
aging Flink’s keyed state, savepoints, and event-time processing, we
demonstrate that subgraph-based GNN inference is feasible within
a stream processing system, despite the abstraction gap between
graph-based computation and acyclic dataflows.

5 Experimental evaluation
We evaluate our prototype to understand how key system parame-
ters impact the performance of streaming GNN inference. Several
factors may influence system behavior: (i) TorchServe worker con-
currency determines how many inference requests can be served
in parallel; (ii) the neighborhood size (i.e., the number of hops and
fanout at each hop) affects subgraph size, which in turn impacts
state access, data movement, and inference time; (iii) the input
load (inference requests per second) stresses the system’s ability
to keep up with high arrival rates; and (iv) the inference mode
(synchronous vs asynchronous) affects throughput by determin-
ing whether HTTP requests block or are executed concurrently.
TorchServe also supports request batching through two parameters:
batch_size and max_batch_delay. The batch_size controls how
many subgraphs are grouped into a single inference request, while
max_batch_delay sets the maximum wait time (in milliseconds)
to collect a batch before it is processed. In all experiments, we set
batch_size = 1 and max_batch_delay = 100ms. Empirically,
we observed that increasing these values did not significantly im-
prove throughput or latency in our pipeline. Hence, we focus our
evaluation on the three parameters that had the most significant
effect: TorchServe worker concurrency, subgraph size (controlled
by hop limits), and input rate. Our experiments aim to answer the
following questions:

• How does TorchServe concurrency affect maximum sustain-
able throughput?

• How does varying neighborhood size affect throughput and
latency?

• What is the distribution of end-to-end latency under sus-
tained load?
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Figure 4: Throughput (records/second) as the number of
TorchServe model workers increases

• How does asynchronous inference compare to synchronous
inference in terms of throughput?

We record the throughput using Flink’s numRecordsOutPerSecond
metric, and compute latency CDFs by measuring the time from
when a node ID is ingested to when its embedding is produced.

5.1 Experimental setup
We conduct our experiments on a server equipped with a 64-core
AMD EPYC 7713 CPU (1 thread per core), 251 GB of RAM, and
an NVIDIA A100 PCIe GPU with 80 GB of memory. The system
runs Ubuntu 20.04.6 LTS with Linux kernel 5.4.0-212-generic, uses
Python 3.8.10 for all Python-based components, CUDA 12.2, and
PyTorch 2.1.0. For stream processing, we use Apache Flink version
1.20.0 in standalone mode. The pre-trained GraphSAGE model is
served using TorchServe within a Docker container with GPU
acceleration enabled. To eliminate network overhead, both Flink
and TorchServe are deployed on the same machine.

The input graph is the Reddit dataset [7], containing 232,965
nodes and 114,615,892 edges, with each node represented by a 602-
dimensional feature vector. To simulate streaming input, we imple-
ment a custom source function in Flink that continuously emits
node ID events. Each event is a comma-separated string containing
a node ID and a timestamp. The node IDs are sampled uniformly
at random from the valid range [0, 232964], matching the ID space
of the Reddit dataset. The source emits a fixed number of events
every 100ms, allowing us to control the input rate by adjusting
the number of events per burst. For example, emitting 250 events
per burst results in a source rate of 2500 node IDs/second. This
setup allows us to evaluate system behavior under different load
conditions and node distributions. Flink is configured with 80 GB of
task manager memory and 64 task slots, using RocksDB as the state
backend. We also set the parallelism for the subgraph constructor to
64. Watermarks are assigned with a maximum out-of-orderness of
100 ms. Checkpointing is disabled to reduce measurement overhead.
Unless otherwise specified, we use a 2-layer GraphSAGE model
with a (10, 5) hop configuration.

5.2 Effect of parallel TorchServe workers
This experiment evaluates how the number of TorchServe model
workers affects the maximum sustainable throughput of our GNN

inference pipeline. We incrementally increase the node ID input
rate until the pipeline shows signs of backpressure in Flink. Back-
pressure is Flink’s built-in flow control mechanism: if an operator
cannot keep up with its incoming data rate, it signals its upstream
sources to slow down. This prevents system overload (e.g. running
out of buffers) but indicates that the backpressured operator has
become a bottleneck, thus limiting the maximum throughput the
entire pipeline can sustain. We record the highest input rate (in
records/second) that the system can sustain without triggering
backpressure. We refer to this value as the maximum sustainable
throughput. TorchServe uses model workers as independent Python
processes, each capable of handling model inference requests con-
currently. Since each worker can process a subgraph independently,
we expect that increasing the number of workers should improve
throughput, up to the point where another bottleneck (e.g. GPU
contention or I/O) is reached.

We vary the number of TorchServe workers across {1, 2, 4, 8,
16, 32, 64}. We run each configuration for 5 minutes and exclude
the first and last minute from metrics to account for warm-up and
shutdown artifacts. Throughput is measured using Flink’s internal
metric numRecordsOutPerSecond, collected at 5-second intervals.

As shown in Figure 4, the throughput increases with the number
of workers, reaching a peak at 8 workers with over 2100 records/sec.
Beyond 8 workers, the throughput plateaus and even slightly de-
clines, indicating diminishing returns from additional concurrency.
With a single worker, the system handles under 400 records/sec,
whereas 8 workers deliver more than a 5× improvement.

We believe that the throughput plateau around 8 workers sug-
gests that the bottleneck shifted from TorchServe inference to an-
other other component, such as subgraph construction on the Flink
side. While scaling up to 16 or 32 workers did not result in sig-
nificant performance degradation, it also did not yield additional
throughput, despite higher resource consumption. This suggests
diminishing returns beyond the 8-worker configuration. These re-
sults highlight the importance of server-side parallelism in model
inference. While TorchServe concurrency significantly improves
throughput, it does not scale linearly, and tuning must account for
diminishing returns beyond a certain point.

In Figure 5, we also plot the end-to-end latency distribution for
4, 8, 16, 32, and 64 workers. The results show that latency drops
sharply between 4 and 8 workers, with median latency dropping
from over 1800ms to under 600ms. As the number of workers in-
creases further, median latency stabilizes, but variance increases
again at 32 and 64 workers.

5.3 Impact of hop count on throughput
This experiment evaluates how the size of the neighborhood, which
is controlled by the hop sampling parameters, affects our proto-
type’s throughput. In GNN inference, larger neighborhoods result
in more data transfer, state access, and computation per request,
which can directly impact overall performance. Based on the op-
timal configuration found in Section 5.2, we fixed the TorchServe
worker concurrency at 8 for these tests. We increase the source
rate to 3000 node IDs/sec. This is higher than the 2500/sec used
earlier, as smaller neighborhoods (e.g. 5-5) result in lower per-
request overhead and can sustain higher input rates. We run each
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Figure 5: End-to-end latency distribution for different Torch-
Serve worker counts

Figure 6: Effect of hop counts on latency

Figure 7: Effect of hop counts on throughput

configuration for 5 minutes and collect Flink throughput metrics
(numRecordsOutPerSecond) every 5 seconds. After discarding the
first and last minute to remove warm-up and tail effects, we report
the average sustained throughput for each configuration. Figure 7
shows that throughput decreases significantly as the neighbor-
hood size grows. With the smallest configuration (5-5), the system
achieves a throughput above 2200 records/sec. Increasing to (10-5)
leads to a moderate drop to just about 2100 records/sec. With the
largest neighborhood (15-10), the throughput drops sharply to un-
der 1000 records/sec. These results highlight the sensitivity of the
streaming GNN inference pipeline to subgraph size.

Figure 8: CDF of end-to-end latency

We also examine how neighborhood size impacts latency by
analyzing the distribution of end-to-end latencies under each con-
figuration. Figure 6 shows the latency boxplots for three hop config-
urations: (5, 5), (10, 5), and (15, 10). Smaller neighborhoods lead to
faster inference: the (5, 5) configuration has a lower median latency
and smaller tail compared to (10, 5) and (15,10). With (5, 5), most
requests complete in under 1s. The (10, 5) configuration shows a
slightly higher median and more variability, while (15, 10) intro-
duces a wide spread and long tail. This behavior is consistent with
our throughput results. As the number of sampled neighbors grows,
Flink must perform more state lookups and emit more messages
across operators, which increases load on both the Flink runtime
and the inference server. Moreover, larger subgraphs result in larger
JSON payloads and longer inference times on TorchServe.

5.4 End-to-end latency at sustained load
The goal of this experiment is to assess the responsiveness of the
system from the user’s perspective and estimate how long a user
waits for a prediction after submitting a request. Specifically, we aim
to evaluate the distribution of per-request latencies under a specific
configuration. We fix the configuration to a (10, 5) fanout and set
the source rate to 2100 node IDs per second. This rate is chosen
based on our earlier throughput experiment, where we found that
8 TorchServe workers can sustain this load for the (10, 5) setting,
without inducing backpressure.

We measure the end-to-end latency for each request from the
time a node ID is ingested by Flink to the time the corresponding
embedding is returned by the model. Latencies are sampled every
5s over a 5-minute run, with the first and last minute discarded.
Figure 8 shows the CDF of end-to-end latencies, annotated with
the P50, P95, and P99 latency percentiles. We observe that 50% of
the requests complete in under 374 ms, while 95% complete within
519 ms, and 99% within 571 ms. These results indicate that the
system offers responsive inference under steady load.

5.5 Effect of asynchronous inference
In our final experiment, we compare synchronous and asynchro-
nous inference strategies to evaluate their effect on throughput.
In the synchronous strategy, each subgraph is sent to the model
server using a blocking HTTP request. The system waits for a re-
sponse before proceeding to the next subgraph. This introduces
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idle time, as no other work can be performed while waiting for
the model’s output. In contrast, the asynchronous strategy issues
non-blocking HTTP requests to the model server. Instead of wait-
ing, it immediately continues processing other subgraphs while
previous requests are still in flight. Once responses arrive, the cor-
responding results are collected and integrated into the pipeline.
This design enables concurrent inference requests, allowing the
system to overlap communication with computation. We found
asynchronous inference significantly improves system throughput,
reaching over 2100 records/s compared to 1550 records/s with the
synchronous version.

This improvement stems from the ability to overlap HTTP I/O
with other computation, mitigating the blocking behavior of syn-
chronous HTTP requests. These results suggest that incorporating
asynchronous execution into the inference pipeline is a key opti-
mization for achieving higher throughput.

6 Related work
Several recent systems aim to improve the efficiency of GNN in-
ference, particularly for large graphs [24] and latency-sensitive
applications. Most of this work falls into three categories: (1) sys-
tems that optimize inference over static graphs, (2) frameworks
that support real-time or incremental inference on dynamic graphs,
and (3) model-level optimizations that reduce the computational
footprint of inference. Below, we summarize key directions in each
space and contrast them with our stream processing approach.

A central bottleneck in GNN inference is the neighbor explosion
problem, where node-wise inference triggers exponential neigh-
borhood retrieval. Systems like Deep Graph Inference (DGI) [36]
address this by switching from node-wise to layer-wise inference,
enabling intermediate reuse and efficient batching across large
graphs. These designs often achieve speedups orders of magnitude
faster than naive methods but assume that the graph is static and
stored in memory or a central store. They are ill-suited to settings
where the graph is dynamic, such as in streaming workloads. To
support real-time applications like fraud detection or recommenda-
tions, recent work has explored incremental inference on streaming
graphs. For instance, InkStream [31] avoids full recomputation by
updating only the embeddings of nodes impacted by incoming
graph mutations. While this approach achieves high throughput, it
relies on monotonic aggregators (e.g. min, max), which limits its ap-
plicability to models like GraphSAGE or GAT that use mean, atten-
tion, or learned aggregation. 𝜆Grapher [16] and Quiver [28] target
infrastructure-level optimizations. 𝜆Grapher focuses on request-
level efficiency by caching subgraphs and decoupling aggregation
and update stages using serverless primitives. Quiver adapts graph
sampling and feature aggregation across CPUs and GPUs based
on workload statistics. More broadly, integrating various ML mod-
els efficiently into stream processing systems requires addressing
general performance and integration challenges, benchmarked by
frameworks like Crayfish [15] and explored in specialized serving
systems using streaming concepts [39].

Aside from system level improvements, a complementary line of
work targets the GNN model itself. Input feature pruning [34] and
channel pruning [41] reduce inference cost by removing redundant
input features or intermediate channels, often using LASSO-based

methods. These approaches are architecture-agnostic and applicable
to both training and inference, but they do not solve the system-
level challenge of building subgraphs or integrating with event
driven pipelines.

In contrast, we present a first exploration of GNN inference
within a streaming dataflow system (Apache Flink), tackling the
systems integration challenges involved. Our approach performs
inference on-the-fly for ccontinuous streams of target node requests,
using Flink’s state (currently pre-loaded with a static graph) and
operators. This explores an alternative to batch-based methods
for applications like fraud detection and recommendation systems.
Handling dynamic graph updates and demonstrating distributed
scalability are key areas for future development.

7 Discussion and future work
Our work presents a practical blueprint for real-time GNN inference
using Apache Flink and TorchServe. While we demonstrate the
feasibility of streaming subgraph construction and integration with
external models, several open challenges and directions remain.

Currently, our pipeline operates on a static snapshot of the graph.
The DataLoader job ingests this graph once at initialization and
stores it in Flink’s embedded RocksDB backend. This fixed view of
the graph means that inference requests regardless of when they
arrive, are always served using the same underlying graph state.
In real-world applications, however, graphs evolve continuously.
New users join the platform, new edges form, and new interactions
occur. A key direction for future work is supporting dynamic graph
updates: enabling edges, nodes, and features to be added (or even
removed) from the stored graph state while inference is actively
running. This would allow each embedding request to reflect an up-
to-date view of the graph, improving the quality and responsiveness
of predictions. Enabling such updates raises the need for consistent
and efficient state modification.

Flink’s current state backend is tightly integrated into its ex-
ecution engine, which limits flexibility in managing graph state.
A possible extension is to decouple the graph state from Flink al-
together by integrating with an external graph database. Using a
system like KuzuDB [12, 18, 22], or similar would eliminate the need
to manually manage graph-to-keyed-state mappings and could pro-
vide richer graph query capabilities. This separation would also
make it easier to share the graph across multiple jobs or services,
rather than duplicating state across different operator UIDs in Flink.

Further optimizationswithin Flink could explore advanced stream-
ing graph partitioning techniques [1, 26] to improve data locality
and mitigate the communication overhead inherent in distributed
traversals (Challenge 2). Alternatively, investigating these GNN
integration challenges using different stream processing engines
[10], which may offer distinct design trade-offs, could also yield
valuable insights. Our system lays the groundwork for integrating
GNN inference into stream processing architectures, but scaling it
to more dynamic, large-scale, and adaptive deployments opens up
many promising avenues for future research.
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