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Subgraph-based graph representation learning (SGRL) is an emerging class of GNN models that achieve much
higher accuracy for various tasks than classical GNN models (e.g., GCN and GAT). However, we observe
that serving SGRL models for online applications is challenging due to their irregular request workloads.
Specifically, some heavy requests need significantly more computation than regular requests (e.g., 100x),
leading to excessively long tail latency in existing systems. As such, we build SG-Serve, which tailors subgraph
extraction and model inference (i.e., the two main stages of SGRL models) to handle the irregular request
workloads. For subgraph extraction on the CPU, we propose a general API to implement the diverse extraction
methods of SGRL models. Beside generality, the API also exposes parallelization opportunities and allows the
heavy requests to utilize multiple threads for speedup. To schedule the CPU threads to conduct extraction for
concurrent requests, we design a work-stealing policy, which enjoys parallelism while avoiding head-of-line
blocking. For model inference on the GPU, we batch the requests according to their workload instead of
request count (i.e., as in existing systems) and run two GPU processes to prevent the heavy requests from
monopolizing the GPU. Our experiments show that compared with existing systems, SG-Serve can reduce the
99th percentile (P99) latency by over 13x and improve the request throughput by over 33x.
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1 Introduction

Graph neural networks (GNNs) achieve high accuracy for many graph tasks, such as node classifica-
tion [46, 66] and link prediction [2, 7]. Recently, a new class of GNN models called subgraph-based
graph representation learning (SGRL) is becoming popular. Classical GNNs (e.g., GCN [46], SAGE [38],
and GAT [41]) compute an embedding for each node in the data graph and use these embeddings
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Table 1. Accuracy of classical GNN models (e.g., GCN, SAGE, and GAT) and SGRL models for some represen-
tative graph tasks (results obtained from the referenced papers).

Model
Task Dataset | G0N SAGE GAT SGRLs
Link Prediction [54] Coro [67] 0.86 0.85 0.88 0.91
Relation Prediction [84] | Collab [39] | 0.44  0.54 - 0.64
High-order Pattern [83] MAG [39] | 057 0.61 - 0.82
Subgraph Prediction [11] | PPI-BP [80] | 0.39 - 0.31  0.59
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Fig. 1. The extracted subgraph sizes and running time distributions of SGRL requests. We use the SEAL [92]
model and the Papers100M graph from the Open Graph Benchmark [39] but the observations generalize.
The running time is obtained by executing each request individually.

for downstream tasks. In contrast, SGRL models involve two sequential stages, namely, subgraph ex-
traction and model inference: a subgraph is first extracted from the underlying data graph by jointly
considering the given target nodes; and then output is computed by running a model (e.g., classical
GNN ) on the extracted subgraph. It has been proven in theory that SGRLs are more expressive than
classical GNNs due to the subgraph extraction process [10, 52, 84, 93]. Table 1 shows that SGRLs
achieve substantially higher accuracy across various graph tasks, which underpin numerous online
applications including personalized recommendation [50, 89] and fraud detection [69, 103]. Due
to their good accuracy, many researches design SGRL models with different subgraph extraction
methods and model architectures [13, 32, 48, 52, 60, 71, 90, 92, 102].

Despite the efforts in designing powerful SGRL models, efficient online serving for SGRL models
has been less explored. In particular, to utilize a trained SGRL model in real-world applications, the
inference procedure is deployed as a dedicated service, which receives user requests consisting
of target node sets in real time, computes model outputs for the requests, and returns the results
back to users. For example, when applying SGRL models to commodity recommendation [50, 89],
each user request may contain two nodes representing a consumer and a product. The deployed
SGRL model predicts the likelihood of a link between these two nodes to determine whether
to issue a recommendation. Similarly, when applying SGRL models to fraud detection [69, 103],
each request may include a node representing a suspicious bank account. The deployed SGRL
model estimates the probability that this node is fraudulent and triggers blocking actions when
necessary. To effectively support such online services, the primary goal of SGRL model serving
is to achieve low latency, high throughput, and short tail latency (e.g., the 99th percentile, P99),
which is critical for ensuring high quality of service (QoS) [12, 23, 27, 28, 45]. Some systems (e.g.,
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DGI [85] and GCNP [96]) consider model serving for classical GNN models and compute the node
embeddings offline for online use. This methodology does not work for SGRL because subgraph
extraction processes a set of target nodes, and the large number of possible target node sets makes
pre-computation infeasible.

Serving SGRL models is more challenging than serving regular machine learning (ML) models
such as multilayer perceptrons (MLPs) and convolution neural networks (CNNs). To be specific,
the computation process of a request is fixed for regular ML models, resulting in the same amount
of workload for each request. In contrast, the requests of SGRL models exhibit highly irregular
workloads with a long tail. As shown in Figure 1(a), considering the number of nodes and edges
in the extracted subgraphs, the request at the 99th percentile is 27.4x and 60.7x of the median,
respectively. The skewed request size translates into heavily tailed running time for both the
subgraph extraction stage and the model inference stage as shown in Figure 1(b). Such an irregular
request workload is attributed to the subgraph extraction process and thus inherent for SGRLs. In
particular, node degrees usually follow a power-law distribution for real-world graphs [19, 36],
which means that some nodes have many more neighbors than average, and a request will be
heavy if it involves the high-degree nodes during subgraph extraction. Unfortunately, existing
SGRL systems [1, 4, 5] overlook the irregular workload when dealing with requests, leading to the
following three sub-optimal design choices.

Synchronized batch processing (SBP). Built upon open-source machine learning frameworks [30,
62, 72], existing SGRL systems adopt the SBP protocol for request processing, which is widely used
to improve system throughput and GPU utilization when serving regular ML models [6, 24, 61].
Specifically, SBP accepts a batch of requests each time and returns the inference results for the
entire batch after processing all requests in the batch. With SBP, heavy requests become batch
stragglers due to their long running time and prolong the response time of other requests in the
same batch.

Single-thread subgraph extraction. Existing systems conduct subgraph extraction on the CPU
to host large data graphs and express the extraction procedure with one user-defined function
(UDF) [1, 4, 5]. The UDF is invoked and executed by a single thread for the subgraph extraction
of each request. Despite flexibility, single-thread extraction causes slow extraction processes for
heavy requests and low CPU utilization due to limited parallelism.

Sequential request processing. Existing systems group the requests into batches with a prede-
fined request count using the first-come-first-served (FCFS) strategy and process these batches
sequentially. As heavy requests take substantially longer processing time than normal requests,
they block subsequent requests from being processed for a long time, leading to high queuing
delays.

In this paper, we propose SG-Serve, a general and efficient serving system for SGRL models.
Instead of perceiving subgraph extraction and model inference as an entire process in SBP, SG-
Serve connects the two stages using a producer-consumer mechanism, which allows the requests
that finish extracting subgraphs to enter the model inference stage without waiting for the other
requests. For subgraph extraction, we summarize the subgraph extraction methods of existing SGRL
models into a general 5-step procedure and design a succinct API for each step. The API exposes
parallelization opportunities by modeling the subgraph extraction for a request as a directed acyclic
graph (DAG) of fine-grained tasks that can run in parallel. To schedule these tasks, we design a
strategy based on work-stealing that not only allows the requests to use extra parallelism (i.e., run
with more than one thread) but also prevents the heavy requests from saturating all the threads.

For model inference, instead of using request counts, we batch the requests according to their
workload. Specifically, we set limits on the total number of nodes and edges in a batch, and
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Fig. 2. An illustration of SGRL. The seed nodes are {A, B} and {C, D} for two requests, respectively, and
subgraph extraction retrieves common 1-hop neighbors.

subgraphs are added to a batch in an FCFS order until reaching the limits. We also leverage the GPU
multi-process service (MPS) to create two processes for inference and allow at most one process
to handle heavy requests that exceed the batch limits. The workload-aware batching separates
the processing of heavy requests from other requests, and the dual-process dispatching prevents
heavy requests from blocking the GPU. To configure the batch size, we conduct dynamic tuning to
minimize the request latency.

We conduct extensive experiments to evaluate SG-Serve with 3 SGRL models and 3 graphs with
different characteristics. The results show that SG-Serve consistently outperforms existing systems
by a large margin. In particular, under the same request throughput, SG-Serve can reduce the 50th
and 99th percentile request latency by up to 19.3x and 13.1x, respectively. Under the same request
latency, SG-Serve achieves a higher throughput by up to 33.3x. The experiment results also suggest
that the designs of SG-Serve are effective. Specifically, with our API and execution model, the P99
latency of subgraph extraction is reduced by up to 5.17x compared to single-thread execution. With
our batching and dispatching strategies, the P99 latency of inference is reduced by up to 6.03x
compared with batching according to request counts.

2 Background and Motivation

Here, we introduce the basics of subgraph-based graph representation learning (SGRL) to provide
background and analyze the problems of existing SGRL serving solutions to motivate our designs.

2.1 SGRL Models

SGRL models usually consider an attributed data graph G(V, E, X), where V is the vertex set, E is
the edge set, and X contains an embedding vector X, for each vertex v € V. For instance, in the
domain of e-commerce, nodes correspond to customers and products, edges represent purchase
behaviors and customer relationships, and embedding vectors capture specific information for
each customer or product. A request R = {03, 0, - - - , v, } contains some target nodes in the data
graph, often referred to as seeds. The goal of model serving is to utilize a pre-trained SGRL model to
predict a label for the given request. For instance, in link prediction for product recommendations,
a request contains a consumer node and a product node. The goal here is to predict whether there
exists an edge between the two nodes, indicating whether a product should be recommended to a
particular consumer. As shown in Figure 2, SGRL serving usually involves two stages.

Subgraph extraction. An enclosing subgraph ggr of request R is extracted from the data graph
G around the seed nodes specified by R. Consider the two requests in Figure 2: the first request
employs {A, B} as seed nodes, whereas the second request utilizes {C, D}. For the first request, we
find the common 1-hop neighbors of seed nodes {A, B} as {E, F, G, H, J}, and then extract all edges
among the seeds and the selected neighbors. SGRL models adopt different subgraph extraction
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Fig. 3. The execution timeline for 8 requests in a batch.

policies, e.g., k-hop neighbors, neighbors visited by random walks, and the neighbors of different
seeds can be unioned or intersected. Labels are also assigned to each node in the extracted subgraph
to indicate their relations to the seeds. Example labeling policies include shortest distances to the
seeds and random walk landing probabilities. For each node v, the labels assigned by the seeds are
concatenated with its embedding vector X, in the data graph to form a feature vector f,.

Model Inference. The extracted subgraph gg, along with the feature vectors of its nodes, is fed to
the trained SGRL model to compute output. For instance, in Figure 2, the model decides that there
is likely to be an edge between A and B, whereas the likelihood is low for the presence of an edge
between C and D. In this stage, SGRL models usually adopt the structure of classical GNN models,
e.g., GIN [79], GCN [46], and SAGE [38].

SGRLs are more expressive than classical GNN models because subgraph extraction allows to
consider the joint neighborhood of the seeds. Many SGRL models have been proposed for various
graph tasks. For example, SEAL considers link prediction, extracts the k-hop neighbors of the
seeds, and uses the GIN model. GralL predicts the relation type between two nodes and follows
the subgraph extraction policy of SEAL. SEAM takes k seeds and predicts high-order patterns, i.e.,
the existence of a motif (e.g. k-cliques and k-cores) among the seeds, to support applications like
fraud detection. NBFNet [102] represents a node pair using all paths connecting them and then
formulates link prediction as a path-based reasoning problem. ULTRA [32] constructs relational
subgraphs where nodes correspond to relations and edges represent their co-occurrence, and applies
GNN models over this subgraph to learn transferable relation representations for zero-shot link
prediction.

2.2 Problems of Existing Solutions

Existing SGRL serving solutions. Online SGRL model serving requires low latency and high
throughput since it targets user-facing applications such as recommendation and fraud detection.
However, existing solutions (e.g., DGL [72] and PyG [30]) perceive subgraph extraction and model
inference as an entire process and adopt the synchronous batch processing (SBP) strategy to process
the requests, without considering the irregular workloads of SGRL requests. In particular, the data
graph is stored in CPU memory for capacity, and inference is conducted on GPU for efficiency. The
system first collects a batch of requests, whose number does not exceed a pre-defined threshold (i.e.,
the batch size). Subgraph extraction is then conducted for all requests in the batch simultaneously,
where one CPU thread is assigned to each request. After all requests in the batch finish extraction,
their subgraphs are transferred collectively to the GPU for model inference. Processing of the next
batch begins only after the previous batch finishes. Notice that modern ML frameworks such as
PyTorch [62] provide flexible data loaders to prepare training data for ML models. Developers can
implement customized preprocessing logic (e.g., subgraph extraction) and utilize multiple CPU
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Fig. 5. The execution and queuing time of the requests over a sampled period.

threads to accelerate data preparation. However, these data loaders process and return data in a
synchronous batch manner, and thus their behavior closely resembles the SBP strategy.

To analyze existing SGRL serving solutions in depth, we profile PyG using the SEAL model and
Papers100M graph, discovering three main deficiencies.

Long batch synchronization time. Figure 3 shows the execution timeline for 8 requests within
an example batch. Notably, the execution time of request 2 markedly exceeds that of the other
requests during both the subgraph extraction and model inference stages, which leads to extended
synchronization times for other requests, thus prolonging their end-to-end execution durations.
This is due to the SBP adopted in existing systems, which mandates requests in a batch to start and
finish both stages synchronously.

Long subgraph extraction time. In Figure 4, we report the P50 and P99 batch execution latency
with different batch sizes. We also decompose the latency into 3 parts, namely, CPU subgraph
extraction, CPU-GPU data transfer, and GPU model inference. The results show that the extraction
time dominates request processing time, especially for P99 latency and larger batch sizes. The
reasons are two-fold. Firstly, existing systems use a single thread to execute the subgraph extraction
procedure for each request, which leads to long subgraph extraction time for heavy requests.
Secondly, SBP exacerbates the situation due to the batch straggler problem. The two effects are
more significant for larger batch size (i.e., requests are more likely to be straggled) and queries in
the latency tail.

Long queuing time. We measure the request execution and queuing time under an input load
of 500 requests per second (RPS) with the a batch size of 4 and 32, respectively. Figure 5 shows
the temporal variations in these two metrics over a duration of 2 seconds. We can observe that
following the execution of each heavy request, characterized by a long execution time, there is
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a spike in the queuing time of subsequent requests. This is attributed to the fact that requests
are processed in an FCFS manner in existing systems. Specifically, heavy requests undergo a long
processing time for both subgraph extraction and model inference, resulting in significant delays
in the processing of subsequent requests.

3 SG-Serve System Overview

The architecture of SG-Serve is depicted in Figure 6. In particular, SG-Serve comprises two main
components, i.e., subgraph extraction engine and model inference engine, which correspond to the
two stages of SGRL serving. The two components are connected by a shared queue and communicate
via a producer-consumer paradigm. The subgraph extraction engine extracts subgraphs for incoming
requests and puts the extracted subgraphs into the shared queue. The model inference engine
retrieves subgraphs from the queue, organizes several subgraphs into a batch, and dispatches the
batch to the GPU for model inference. In contrast, existing systems execute the two stages in
synchronous batches (i.e., the SBP strategy). As a result, the requests that finish extraction early
need to wait for the other requests in the batch before entering the model inference stage, leading
to the batch straggler problem. Our producer-consumer design eliminates such stragglers as a
request can run inference once it finishes extraction.

Request processing workflow. On receiving a request, the subgraph extraction engine creates a
directed acyclic graph (DAG) (Section 4.1), which models the tasks for subgraph extraction and
enables parallel execution with multiple threads. The DAG is then submitted to a pool of CPU
threads for execution, and the threads are scheduled by our work-stealing scheme to process
multiple concurrent requests while balancing parallelism and HoL blocking (Section 4.3). Subgraph
extraction finishes when all tasks in the DAG are processed, and the extracted subgraph is appended
to the end of the subgraph queue for model inference.

The model inference engine creates two separate GPU processes to conduct model inference,
and each process takes 50% of the GPU resource (Section 5). This design avoids HoL blocking
by preventing a heavy request from monopolizing the entire GPU for a long time. A dispatcher
process monitors the status of the GPU processes. When a GPU process becomes idle, the dispatcher
selects a batch of subgraphs from the subgraph queue using our workload-aware batching scheme
(Section 5) and notifies the GPU process. Then, the GPU process loads the batch to the GPU for
model inference. Finally, the model outputs for a batch of subgraphs are sent back to the host CPU
as inference results.

Data layout. SG-Serve stores both the graph topology and node embeddings in host memory due
to its large capacity. To reduce the overhead of host-GPU data transfer, we cache the embeddings of
hot nodes on GPU such that these embeddings no longer need to be loaded along with the extracted
subgraphs. Currently, we treat the nodes with high degrees as hot but SG-Serve can also support
identifying hot nodes using alternative criteria (e.g., page rank scores).

Algorithm deployment. SG-Serve provides expressive API (Section 4.2) that allows users to
customize their subgraph extraction algorithms, which are run by the subgraph extraction engine
as function calls. For model inference, SG-Serve imports trained SGRL models stored in files that
follow the open neural network exchange (ONNX) standard [3], which is supported by many
machine learning frameworks [8, 20, 61, 62]. The inference engine loads the model parameters
upon system initialization.

4 Parallel Subgraph Extraction

In this part, we first abstract subgraph extraction into a directed acyclic graph (DAG) of tasks to
enable intra-request parallelism in Section 4.1, then present our API for subgraph extraction in
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Fig. 6. The system architecture and workflow of SG-Serve.

Section 4.2, and finally discuss how to schedule the concurrent execution of multiple DAGs from
different extraction requests in Section 4.3.

4.1 Abstraction of Subgraph Extraction

As introduced in Section 2.1, the subgraph extraction methods of existing SGRL models adopt
diverse processing logic (e.g., k-hop and PPR). Our abstraction should be general so that users can
express existing extraction methods and possible extensions in the future. Moreover, the abstraction
should also expose parallelization opportunities by modeling (some part of) subgraph extraction as
independent tasks. This is different from existing systems, where the subgraph extraction process
is treated as an indivisible user-defined function (UDF), and thus each request can only be handled
by a single CPU thread without parallelization.

We survey the subgraph extraction methods of 16 popular SGRL models [9, 11, 13, 18, 29, 48, 52—
54, 60, 70, 71, 83, 84, 90, 92] and observe that all of them can be decomposed into the following five
sequential steps:

@ Expand selects nodes from the data graph based on the seed nodes, such as the k-hop neighbors.
The selection process can be conducted either individually for each seed node or collectively for
all the seed nodes.

® Merge consolidates the node sets selected for individual seeds to obtain the nodes in the extracted
subgraph. This is typically achieved by set intersection or union. Merge can be skipped for
collective expansion.

® Induce obtains the edges of the extracted subgraph by considering all the merged nodes and
retrieving the edges between them in the data graph.

® Encode generates structural labels for nodes in the extracted subgraph to reflect their relations
to individual seeds (e.g., the shortest distance to the seeds). It typically runs a graph algorithm on
the extracted subgraph. Some algorithms require exclusive encoding, which removes the other
seeds from the subgraph when computing encoding for a seed.

® Combine aggregates the labels assigned by individual seeds to each node in the subgraph.
Common aggregating methods include summation, minimum, and maximum.

We abstract the five steps as operators and model the process of subgraph extraction as a DAG of
these operators. Figure 7 shows an example DAG along with the input and output of each operator.
Specifically, the DAG has two Expand operators, each performing k-hop neighbor expansions
individually for a seed. The node sets produced by the two Expand operators are unioned by the
subsequent Merge operator. Then, the Induce operator collects the edges between the merged nodes
from the data graph to form the extracted subgraph. Afterward, two Encode operators generate
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Fig. 7. An example DAG for subgraph extraction.

labels for nodes in the subgraph, each solving the distances of the nodes to a seed node. Finally, the
Combine operator aggregates the labels of each node into a final label using summation. Besides
the five operators, the DAG also uses a Start operator for signal initialization and an End operator
to collect output.

With the DAG abstraction, operators that have no dependencies can be executed in parallel,
e.g., the two Expand operators and Encoder operators in Figure 7. Besides such inter-operator
parallelism, we also exploit fine-grained intra-operator parallelism. In particular, we observe that
the computation of Expand, Induce, Encode, and Combine operators in existing algorithms follows a
node-parallel paradigm [36, 57], which ingests a set of nodes and processes each node independently.
This is because they work on graph, and graph operations essentially handle nodes and edges. For
instance, each step of Expand takes some nodes and obtains their 1-hop neighbors, and getting the
neighbors of each source node is independent!. Combine is also independent for each node while
Induce is independent for different node pairs. Encode runs a graph algorithm, and graph algorithms
are essentially node-parallel. For these operators, we use a segment of input nodes as the minimum
task execution and scheduling unit, and each segment contains 128 nodes by default. This allows
to break the workload of an operator into segments and execute the segments in parallel. Note that
we do not adopt intra-operator parallelism for the Merge operator.

4.2 Application Programming Interface

Based on the operators summarized in Section 4.1, we propose the API in Figure 8 for subgraph
extraction. The key design principle is to expose the node-parallel pattern of the operators by
writing their functions as operations on individual nodes.

e The Expand operator involves four interfaces in total. Firstly, the expand_individual variable
allows users to choose between individual or collective expansion, the expand_hop variable sets
the hop count for expansion, and the expand_unique variable deduplicates the results produced
by different nodes at each hop when set as true. The expandStep function runs 1-hop of expansion,
and thus takes a node and the context as inputs, updates the expanded node set, and returns
the new nodes for expansion. The context encompasses references to the data graph, current
subgraph, and seeds.

'We insert a Merge operator to deduplicate the results produced by different source nodes.
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// Expand

bool expand_individual;

int expand_hop;

bool expand_unique;

NodelList expandStep(Node n, Context ctx);
// Merge

NodelList merge(Vec<NodelList> nodes);

// Encode

bool encode_exclusive;

int encode_hop;

bool encode_unique;

Label encodeInit(Node n, Context ctx);
Vec<Node> encodeStep(Node n, Context ctx);
// Combine

Label combine(LabellList labels);
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[ I T S

Fig. 8. API for subgraph extraction.

// Expand

bool expand_individual = false;

int expand_hop = k;

bool expand_unique = true;

NodelList expandStep(Node n, Context ctx) {
NodelList frontiers = ctx.graph.neighbors(n);
ctx.subgraph.add(frontiers);
return frontiers;
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// Merge

NodelList merge(Vec<NodelList> ns) {return ns[0Q];}
// Encode

bool encode_exclusive = true;
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int encode_hop = -1;

bool encode_unique = true;

Label encodeInit(Node n, Context ctx) {
return ctx.seeds.has(n) ? @ : MAX_INT;
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© N o G

¥
NodelList encodeStep(Node n, Context ctx) {
NodelList frontiers = {3};
for (Node u : ctx.subgraph.neighbors(n)) {
if (atomicMinUpdate(u.label, n.label+1))
frontiers.add(u);

[ I T R R
B W N = S v

}

return frontiers;

NN
X A

3
// Combine
Label combine(LabellList 1s) {return MIN(ls);}

NN
[N

Fig. 9. Express SEAL subgraph extraction with our API.

e The Merge operator features a merge function that accepts multiple node sets derived from the
seeds and outputs a single consolidated node set. We provide built-in implementations for set
intersection and union as common merge operations.
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Fig. 10. Task scheduling options for subgraph extraction.

e The Encode operator uses the encode_exclusive variable to decide whether it is run under the
exclusive mode. The encode_hop variable specifies the hop count, the encode_unique variable
deduplicates the results at each hop when set as true, and the encodelnit function is utilized to
set initial values for the node labels. The encodeStep function takes an input node, updates the
labels of its neighbors in the subgraph, and yields the input nodes for the next step.

o The Combine operator’s combine function takes as input the node labels generated by each seed
and produces the aggregated labels. We provide standard combine operator implementations
such as summation, maximum, minimum, and concatenation.

We do not require users to specify the Induce operator because all existing SGRL models adopt
the same induce logic (i.e., checking edge existence), which is executed automatically by SG-Serve.
If later SGRL models develop other induce patterns, we can provide an interface for Induce.

Our API is general in expressing various subgraph extraction algorithms. We use SEAL as an
example in Figure 9. In particular, SEAL extracts k-hop neighbors of the seeds and labels a node
using the shortest distance between the node and the seeds. In Figure 9, the expandStep function
(lines 5-9) adds all neighbors of a node into the subgraph’s node set and returns these neighbors as
frontiers for the next expansion step. The encodeStep function (lines 19-26) updates the distance
labels for the neighbors of the input node. The variable encode_hop is set to be -1, which means
that the encoding process terminates when no label updates can be made. Finally, the combine
function (line 28) selects the minimal distances between a node and the seeds to determine its final
label.

Our APl is different from those used in graph processing systems [57, 101] and subgraph matching
systems [16, 44]. Graph processing systems usually adopt a node-centric APIL, where each node
sends and receives messages and updates its state iteratively. In subgraph matching systems, users
specify query graphs with different topologies using graph query languages such as Gremlin [65]
and Cypher [31]. In contrast, our API allows users to implement customized methods for extracting
enclosed subgraphs centered around a set of seed nodes and generating structural labels that
capture each node’s relation to the seeds, which cannot be implemented using the APIs of graph
processing and subgraph matching systems. Furthermore, our API models the dependency between
the functions of an extraction algorithm for parallel execution.

4.3 Task Scheduling

The CPU threads process the DAGs of multiple requests concurrently, and we need to schedule
the tasks from different DAGs. In particular, for a DAG, an operator can be executed when its
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Algorithm 1: Workload-aware batching algorithm

1 Np: the maximum number of nodes in a batch.
2 Ep: the maximum number of edges in a batch.

3 while True do

4 W « wait for a free worker

5 | B {}

6 for subgraph G in subgraph queue Q do

7 if B.n+ G.n< Np and B.e + G.e < Ej, then

8 Pop G from Q // light subgraph
9 B—BU{G}
10 else if no heavy running and 8 = {} then

1 Pop G from Q // heavy subgraph
12 B —{G}

13 break

14 Submit B to W

dependencies have been resolved (i.e., the parent operators in the DAG complete). If an operator
follows the node-parallel pattern, we will generate fine-grained tasks for it in the granularity of
node segment as introduced in Section 4.1. Thus, each request has multiple ready tasks to run.

As shown in Figure 10(b), a natural solution is to put the ready tasks of all requests into a
common queue and assign the threads to fetch tasks from the queue in a first-in-first-out (FIFO)
order. However, this solution suffers from HoL blocking due to the irregular extraction workloads
of the requests. Specifically, a request that needs to extract a large subgraph will generate many
tasks, e.g., DAG-0 in Figure 10(b). These tasks can take up all the CPU threads and starve the tasks
of the other requests, e.g., DAG-1 and DAG-2 in Figure 10(b). Compared with using a single thread
to process each request in existing systems, this solution reduces the execution time of heavy
requests by exploiting parallelism but increases the queuing time of the other requests.

To meet the two seemingly contradicting goals, we adopt a simple but effective task-stealing
parallel strategy, which is shown in Figure 10(c). The principle is that only spare threads should
be leveraged for parallelization. In particular, each newly launched DAG is assigned to a primary
thread, and each thread can serve as the primary thread of only one DAG. The ready tasks of a DAG
are put into the local task queue of its primary thread instead of a global task queue. By default, a
thread executes the tasks from its local queue. Only when a thread finishes its DAG and cannot
obtain a new DAG (i.e., becomes idle), it steals tasks from the other threads using a round-robin
scheme. The task-stealing strategy ensures that no individual request monopolizes all threads by
associating each DAG with a primary thread. It also improves thread utilization and reduces the
subgraph extraction time by enabling the free threads to take tasks from other threads.

We note that although work stealing is a common technique for processing concurrent re-
quests [17, 101], the fine-grained task decomposition provided by our API lays the foundation of
applying it to the subgraph extraction process of SGRL models. In contrast, existing solutions treat
subgraph extraction as a standalone function and thus one request must be handled by only one
thread. Our API makes work stealing simple as it decomposes subgraph extraction into fine-grained
tasks and thus naturally allows multiple threads to execute the tasks of the same request in parallel.
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5 Workload-aware Model Inference

In this part, we introduce how to organize the subgraphs into batches for model inference, and the
key consideration is the irregular workload of the requests.

Model serving systems usually batch a pre-defined number of requests for GPU computation to
improve resource utilization and throughput [24, 34, 68]. Existing serving systems for SGRL models
also adopt this strategy but encounter two problems due to the irregular inference workload of the
requests. First, if a heavy request is batched with light requests, the heavy request will prolong the
inference time of the light requests, which causes the batch straggler problem. Second, if a batch
contains a heavy request, it may monopolize the GPU for a long time, which keeps the incoming
light request queuing and causes the HoL blocking problem. Our batching and dispatching strategies
avoid the two problems. The key observation is that the inference workload for a SGRL request
is determined by the number of nodes and edges in its subgraph. This is distinct from existing
systems that assume all requests to have uniform workload.

Workload-aware batching. Algorithm 1 shows the batching strategy of SG-Serve. The key
observation is that the inference workload for a batch is determined by the number of nodes and
edges in the subgraphs, as opposed to request count in other ML models. As such, Algorithm 1
collects a batch of subgraphs satisfying the maximum number of nodes and edges. In particular,
when a GPU worker becomes idle, the dispatcher checks the subgraph in the subgraph queue in
FIFO order. A subgraph is appended to the current batch if adding it does not violate the node
and edge limits. To fully utilize the capacity of a batch, Algorithm 1 does not stop when adding a
request exceeds the batch limits, instead, it skips the request and continues to check other requests
until reaching the end of the queue. Note that we disable the node and edge limits when adding the
first subgraph to the batch, ensuring that heavy requests can be handled. Our strategy does not
starve the skipped (possibly heavy) requests as they are now at the head of the queue, and can be
processed soon by the subsequent batches.

Figure 11 provides a running example of Algorithm 1. The node and edge limits are 10 and 20,
respectively, and there are four subgraphs in the queue. The dispatcher checks the subgraph from
the head and adds the first subgraph to the batch. The second subgraph is skipped because adding it
violates the node and edge limits. The dispatcher continues to check the third and final subgraphs
and adds them to the batch. The second subgraph does not starve as it will be processed by the next
batch. The example shows that our workload-aware batching strategy has two advantages. First,
heavy requests are processed as standalone batches, and thus they do not prolong the inference
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Fig. 12. Model inference latency (P99) v.s. the maximum number of nodes in a batch under 2k RPS.

time of other requests. Second, light requests that arrive after a heavy request are not blocked by
the heavy request and can be added to the current batch.

Dual-process dispatching. Although workload-aware batching organizes a heavy request as a
standalone batch, it may still monopolize GPU for a long time and make the other requests queuing.
To tackle this problem, SG-Serve leverages Nvidia’s multi-process service (MPS) to partition the
GPU into two distinct regions and runs a worker process for model inference on each region.
MPS guarantees that the kernels launched by each process utilize at most half of the total GPU
streaming multiprocessors, and the two processes can run in parallel. As shown in Algorithm 1,
the dispatcher ensures that the two processes do not handle heavy requests simultaneously. In
particular, we consider a request to be heavy if it is larger than the node and edge limits for a batch.
If one process is running a heavy request, the dispatcher skips the heavy requests when collecting a
batch of subgraphs for the other process. This design ensures that there is at least one process open
for the light request and thus avoids HoL blocking for inference. Since half of the GPU resources
are reserved for light requests, only half of the GPU may be utilized when all requests are heavy.
However, as shown in Figure 1, heavy requests come far less frequently than light requests, making
it unlikely for many heavy requests to arrive simultaneously. Moreover, once light requests appear,
the previously idle GPU resources are promptly utilized. Therefore, the overall GPU utilization is
not significantly affected by our resource reservation.

Profiling-based batch configuration. Just as existing systems need to set the number of requests
in a batch (i.e., maximum batch size), SG-Serve needs to properly configure the node and edge
limits for a batch to achieve good performance. We first simplify this problem by deciding the edge
limit Ej, according to the node limit Np. In particular, we keep track of the average ratio of the
number of edges over the number of nodes in the extracted subgraphs, which is denoted as A, and
use Ep = A X Np. To explore the influence of N, we profile the model inference latency of SEAL on
two datasets in Figure 12. The results show that there exists an optimal N}, that minimizes latency,
and latency increases when Nj deviates from the optimal value. This is because the optimal N
strikes a balance between queuing time and computation time. On the one hand, with a small Np,
the GPU computation time of a batch is short but the inference throughput is low, which leads to
a long request queueing time. On the other hand, with a large Nj, the GPU resource utilization
and inference throughput are high, which reduces queuing time, but the GPU computation time is
long. The penalty of using a large N, is smaller because computation time increases slower than
the queuing time.

Building a cost model to set the optimal N}, is challenging because it depends on the SGRL
model, underlying data graph, input request throughput, and hardware platform. Thus, we use a
profiling-based method instead. In particular, we start with a large enough Nj, (e.g., 20k) and reduce
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N, by a step size (e.g., 1k) each time to measure the inference latency for a sufficient number of
requests. We continue to reduce N}, until the inference latency is observed to increase. This process
is quick as each batch of requests takes only a short time (e.g., tens of ms).

One may wonder whether it is beneficial to categorize the requests into more than 2 kinds and
run more GPU processes. We observe that such configurations yield little performance gain over
using 2 request kinds and GPU processes. This is because separating the heavy requests from the
normal ones already solves the straggler and head-of-line block problems to a large extent.

The scheduling optimizations, i.e., workload-aware batching and dual-process dispatching, have
not been implemented by existing ML serving systems such as Triton [6] and vLLM [47]. Specifically,
Triton is a general-purpose ML serving framework designed to support diverse models, execution
engines, and hardware backends. It handles request reception, model execution, and response
delivery in a model-agnostic manner for good generality. In contrast, our scheduling optimizations
consider the unique properties of SGRL inference requests, i.e., different requests have different
workloads, and the workload of a request is decided by the number of nodes and edges in its
subgraph. As a system for serving large language models (LLMs), vVLLM introduces scheduling
optimizations tailored to the auto-regressive computation pattern of LLMs, such as paged attention
for dynamic GPU memory allocation and continuous batching for requests with varying output
lengths. However, SGRL requests do not conduct auto-regressive computation and do not suffer
from the dynamic sequence length problem, and thus our scheduling optimizations are entirely
different from vLLM.

6 Implementation

We implement SG-Serve atop Pytorch [62] with about 6k lines of C++ code. SG-Serve is deployed as
a runtime backend for Triton [6], a state-of-the-art machine learning serving system from Nvidia.
We incorporate several implementation optimizations to improve system efficiency. Since our
system is implemented as a backend of triton, we focus on one GPU setting and rely on the instance
group configuration of triton to deploy our systems on multiple GPUs.

Fast inter-process communication. During model inference, the dispatcher process needs to send
subgraph batches to the GPU worker processes, requiring frequent inter-process communication.
To avoid the overhead of data serialization and deserialization, we leverage shared-memory buffers
for fast data transfer between the dispatcher and GPU workers We further pin these buffers so that
the subgraph batches can be sent to GPU in a zero-copy manner.

Shared model parameters and embedding cache. With MPS, our two GPU worker processes
operate in separate address spaces, which requires replicating the model parameters and the cached
node embeddings. To avoid data replication and increase cache size, we keep the model parameters
and node embeddings in the shared memory of GPU and let the GPU processes access these data
via inter-process call (IPC).

Pipeline communication and computation. Conducting model inference for a batch involves
two sequential phases, i.e., the communication phase that transfers data from the host to the GPU
and the computation phase that conducts model forwarding on the GPU. To avoid GPU idle time
during data transfering, we employ separate CUDA streams for communication and computation
kernels in each GPU worker, which allows their executions to overlap and thus maximizing GPU
utilization.

7 Experimental Evaluation

In this part, we conduct extensive experiments to evaluate our SG-Serve and compare it with
existing systems for SGRL serving. The main findings include:
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Table 2. Statistics of the graph datasets in the experiments.

Name Abbr. Nodes Edges Dim. Size

Orkut OoT 31M  120M 100 1.3G
Livejournal LJ 48M  68M 100 25G
Friendster FS 65 M 1.8B 128 482G
Papers100M PP 111 M 1.7B 128 69.1G

e SG-Serve significantly outperforms existing solutions, achieving much shorter request latencies
at the same request load and serving much higher request loads at the same request latency.

e The optimized subgraph extraction engine and model inference engine are both efficient and
contribute to overall performance.

o The key design choices of SG-Serve (e.g., for thread scheduling on CPU and request batching on
GPU) outperform their alternatives and are effective in improving system performance.

7.1 Experiment Settings

Datasets. We conduct experiments on three popular and public graphs, i.e., Orkut, Livejournal
and Friendster from the Stanford Network Analysis Platform [80], and Papers100M from the Open
Graph Benchmark [39]. Their statistics are reported in Table 2, where Dim. refers to the dimension
of node features and Size includes both graph topology and node features. Since there are no
open-source request traces for SGRL model serving, we generate traces by randomly sampling
nodes in the graphs to construct requests and setting the arrival time of the requests by a Poisson
process [34, 87]. There is an arrival rate parameter for Poisson process that determines the expected
number of incoming requests per second and is used to control the input request throughput. Note
that such a synthetic request generation method is widely used when evaluating model serving
systems [51, 76].

Algorithms. We use three popular SGRL models with diverse computation patterns for the
experiments, i.e., SEAL [92], Shadow [90], and GralL [71]. In particular, SEAL extracts the k-
hop neighbors collectively for the seeds, labels the nodes using their shortest distances to seeds, and
applies the GIN model [79] for inference. Shadow employs the approximate page rank algorithm
to extract a node set for each seed individually and then unions these node sets. The node labels
are generated by concatenating their shortest distances to the seeds, and the GCN model [46] is
applied for inference. GralL individually extracts k-hop neighbors for each seed and interests these
neighboring nodes to construct the subgraph. GralL utilizes the same labeling method as Shadow
and employs the GCN model for inference. We deploy these models on SG-Serve using our API
following the implementations and configurations in their open-sourced codes [1, 4, 5].

Baseline systems. Existing SGRL systems are implemented on open-source graph learning frame-
works such as PyG [30] and DGL [72], and they follow the synchronous batch processing (SBP)
design introduced in Section 2.2 to process requests. They run on Python and thus have higher run-
time overhead than our SG-Serve, which is based on C++. For a fair comparison, we re-implement
their workflow on the codebase of SG-Serve and denote it as SBP.

To evaluate the designs proposed in SG-Serve, we progressively incorporate them and create
two variants of SG-Serve for ablation studies. Initially, we enhance the baseline SBP with the
producer-consumer architecture, which is referred to as PC. Next, we incorporate our parallelized
subgraph extraction into PC, which is called PC+E. Finally, we add the irregularity-aware model
inference to PC+E, which results in the complete SG-Serve system. Following existing works [34, 76],
we use the P99 request latency and the request throughput at given P99 latency as the two main
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Fig. 13. The P99 latency of SG-Serve and baselines, SBP is the baseline PyG, PC adopts the producer-consumer
design, PC+E also adds our subgraph extraction optimizations, and PC+E+! is the complete SG-Serve system.

Table 3. The request throughput of SG-Serve over the baseline SBP when serving requests at a P99 latency of
80ms.

SEAL Shadow GrallL

oT 12.4 13.8 26.3
L) 8.75 10.7 29.4
FS 21.9 23.1 31.6
PP 26.7 33.3 25.7

performance metrics. Note that SBP, PC, and PC+E batch the requests according to count, and
for a fair comparison, we tune their batch sizes to minimize the P99 latency (for each request
throughput).

Testbed. We conducted all the experiments on a machine hosting an Nvidia T4 GPU with 15GB
memory, an Intel Xeon 8259CL CPU with 24 cores, and 187GB main memory?. The operating
system is Ubuntu-18.04 with Linux kernel version 5.4.0. The version of Nvidia CUDA Toolkit is
11.6.

7.2 Main Results

Figure 13 reports the P99 request latency of all systems under different input request throughput
(i.e., request per second, RPS). We ensure the P99 latency falls in a reasonable range to ensure
the QoS of online applications [22, 25, 26], and the request throughput varies for the datasets and
algorithms because of their differences in computation workload. The results in Figure 13 show
that the P99 latency of SBP grows quickly with request throughput, and given a latency of 80ms, its
throughput is below 500 RPS for all cases. Compared with SBP, PC reduces the P99 latency by up to
4.76x at the same throughput and also improves the throughput by up to 25x at the same P99 latency.

“The reported GPU memory and main memory are the values shown by the system monitor.
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Fig. 14. The subgraph extraction and model inference time distributions for SEAL on Papers100M at 2k RPS.

This is because PC avoids the batch synchronization barrier in SBP with the producer-consumer
design, which solves the batch straggler and HoL blocking problems in the subgraph extraction
stage.

We can also observe from Figure 13 that PC+E achieves lower P99 latency than PC, especially
when the request throughput is low. In particular, at an input request throughput below 1000
RPS, PC+E reduces the P99 latency of PC by 1.24x-3.60x. This is because PC+E employs our
subgraph extraction optimizations, which parallelize extraction for the heavy requests to reduce
their extraction time. However, the performance gap between PC+E and PC diminishes when the
request throughput increases. This is because the model inference time begins to dominate the
end-to-end request processing time. Such an explanation is also evidenced by the large improvement
of SG-Serve over PC+E at high request throughput, which is attributed to the effect of our workload-
aware model inference in reducing the inference time. When the throughput is over 1000 RPS,
SG-Serve reduces the latency of PC+E by 1.21x-3.92x due to our inference optimizations.

Overall, the results in Figure 13 suggest that SG-Serve significantly outperforms SBP, and
both parallelized subgraph extraction and workload-aware model inference make non-trivial
contributions to the performance improvements. Table 3 reports the throughput improvement
of SG-Serve over SBP at a request latency of 80ms. The results show that SG-Serve boosts the
throughput of SBP by over 10x in most cases and up to over 30x. Such improvements allow SG-Serve
to significantly reduce the operating resources when serving a given request load at target latency.

Case study. To better understand the performance gains of our designs, we plot the cumulative
distribution function (CDF) of the subgraph extraction and model inference time in Figure 14.
We employ the SEAL model on the Papers100M dataset and use a request load of 2000 RPS. The
subgraph extraction time is the duration from a request’s arrival to the completion of its subgraph
extraction, while the inference time spans from the moment a request enters the subgraph queue
to the GPU finishing its inference computation. We do not include SBP in Figure 14 because its
extraction time and inference time are much longer than the others and thus would make the figure
difficult to read.

As shown in Figure 14(a), SG-Serve and PC+E have identical extraction time distribution, and they
both significantly outperform PC. This is because both SG-Serve and PC+E adopt our parallelized
subgraph extraction optimizations. Moreover, the gap between PC+E and PC is small when the
extraction time is short but enlarges when the extraction time increases. This is because small
requests finish quickly and thus their tasks are seldom executed by threads other than their primary
thread, while heavy requests have more chances for task streaking due to their long extraction
time and thus benefit more from parallelism. We can observe from Figure 14(b) that SG-Serve has a
much shorter inference time than both PC and PC+E due to our irregularity-aware model inference.
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Fig. 16. The P99 subgraph extraction latency of SEAL on Papers100M for different task scheduling polices.

The improvement of SG-Serve over PC+E is similar for different inference time values since both
small and heavy requests benefit from avoiding HoL blocking and processing the other requests
faster to reduce the queuing time.

P50 request latency. Figure 15 reports the P50 request latency of SG-Serve as well as the baseline
systems. We use the SEAL model and note that the observations are similar to the other models.
We can observe from the figure that the relative performance of all the systems is the same as their
P99 latency results in Figure 13, that is, SG-Serve consistently outperforms all baseline systems,
and both parallelized subgraph extraction and irregularity-aware model inference contribute to
performance improvements. In particular, SG-Serve reduces the P50 latency by up to 19.3X, 4.28x,
and 3.99x for SBP, PC, and PC+E, respectively. For P50 latency, the performance gaps between
the systems are smaller than P99 latency because P99 latency is largely determined by the heavy
requests, which are challenging to process efficiently.

7.3 Benefits of the Design Choices

Task scheduling policy. Recall that we use a task-stealing policy when scheduling the CPU threads
to process the subgraph extraction tasks. We compare it with two alternative policies, namely,
no-parallel and FIFO-parallel scheduling. We measure the P99 latency of subgraph extraction using
three policies and report the results in Figure 16. In particular, no-parallel uses a single thread
to conduct subgraph extraction for each request and is used in SBP. As shown in Figure 10(b),
FIFO-parallel puts the tasks from all requests into a single queue and executes the tasks in the FIFO
order. We run the SEAL model on the Papers100M graph and test different throughputs using 6
and 24 threads but the results are similar in other cases. Note that the two subgraphs of Figure 16
use different scales for throughput due to the difference in thread count.

We can observe from Figure 16 that the P99 extraction latency of no-parallel stays almost constant
when changing the request throughput and thread count. This is because no-parallel uses a single
thread to process each request, and thus its P99 latency is determined by the single-thread running
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Fig. 17. The P99 model inference latency of SEAL at low, medium, and high request throughput, DP refers to
dual-process dispatching and WB means workload-ware batching.

time of the heavy requests. The latency of FIFO-parallel is similar to our task stealing at low
throughput but becomes even higher than no-parallel at high throughput. The reason is, at low
throughput, there are sufficient threads to process the tasks. Thus, the HoL blocking problem of
FIFO-parallel is not significant. However, at high throughput, a single heavy request may occupy
all available CPU threads in FIFO-parallel, causing tasks from this request to block not only light
tasks but also subsequent heavy tasks, thereby leading to severe HoL blocking. For no-parallel,
each request is assigned to a single CPU thread, so a heavy request occupies only one thread
while the remaining threads remain available to serve light requests, which allows no-parallel
to outperform FIFO-parallel. This also explains why the performance transition throughput for
FIFO-parallel and no-parallel is larger when using more threads. To be specific, with only 6 threads
available, the shift is observed around 800 QPS, whereas, with a pool of 24 threads, the threshold
shifts to approximately 5500 QPS. In comparison, our task-stealing policy consistently achieves
lower latency than the two alternative scheduling policies. Since it balances between exploiting
multi-thread parallelism and preventing HoL blocking as discussed in Section 4.3.

Subgraph batching and dispatching. For model inference, we adopt two key designs, i.e., dual-
process dispatching with MPS and workload-aware batching. To validate the two designs, we
incrementally add them to a baseline that utilizes a single GPU process for inference and batches
the requests according to request count. We measure the P99 latency of the model inference for
the SEAL model on the three graphs and report the results in Figure 17. We set the low, medium,
and high request throughputs as 20%, 50%, and 80% of the peak throughput, i.e., the throughput of
SG-Serve when the P99 latency is 80ms in Figure 13.

We can observe from Figure 17 that the dual-process dispatching is able to reduce the P99 latency
by 1.38x-2.11x on Orkut, 1.26x-1.81x on Livejournal, 1.41x-2.18x on FriendSter, and 1.52x-2.54x on
Papers100M, respectively. This is because the dual-process dispatching reduces the chances that
heavy requests take up the entire GPU by using two worker processes, and thus the other requests
have a better chance to being served within a short time. We can also observe that the workload-
aware batching further reduces the latency of dual-process dispatching by 1.25x-2.05x on Orkut, by
1.28x-1.78x on Livejournal, 1.41x-1.96x on FriendSter, and 1.34x-1.88x on Papers100M, respectively.
This is because the workload-aware batching identifies the heavy requests and prevents them from
prolonging the inference time of the other requests in the same batch. The trend is that the benefit
of workload-aware batching is more significant at high request throughput. This is because the
requests are more likely to be straggled by heavy requests at high throughput, and thus handling
the heavy requests separately yields more performance improvement.

Hot embedding caching. We measure the P99 data communication latency and end-to-end request
latency of three models on the Friendster dataset with and without hot-embedding caching, as
shown in Figure 18. During the experiments, the request throughput is set to 50% of the peak
throughput. We observe that, compared to storing all embeddings in host CPU memory, caching
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Fig. 18. The P99 latency for CPU-GPU data transfer (left) and end-to-end request serving (right) for the SEAL,
Shadow, and GralL models with and without hot embedding caching on GPU for the Friendster dataset.
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Fig. 19. The P99 latency for SEAL, Shadow, and GralL on Orkut dataset under 2, 4, and 8 MPS processes.

hot embeddings in GPU memory reduces the data communication latency by up to 5.48x and
the end-to-end request latency by up to 2.29x. In particular, the absolute time reductions (i.e., in
milliseconds) in end-to-end latency are greater than the reductions in data communication latency.
This is because faster data transfers also help shorten the request queuing time. These results show
that hot-embedding caching is an effective optimization. We note that all baselines in our main
results employ hot-embedding caching, and thus the reported performance gains of SG-Serve come
from more sophisticated optimizations.

Varying numbers of GPU processes. We compare the P99 request latencies under 2, 4, and 8
MPS processes, and the results are shown in Figure 19. During the experiments, we set the request
throughput to 80% of the peak throughput. We observe that, compared to using 2 MPS processes
(the default setting in SG-Serve), using 4 MPS processes provides a marginal latency reduction
(within 10%). This is because separating heavy requests from the normal ones already alleviates
head-of-line blocking to a large extent. However, when the number of MPS processes increases to
8, the latency rises by up to 1.31x compared to using 2 processes. This degradation occurs because
excessive MPS processes reduce GPU execution efficiency due to smaller kernel sizes and increased
hardware scheduler overhead. Moreover, using too many MPS processes also consumes additional
CPU threads, which slows down subgraph extraction. As a result, we choose to use 2 MPS processes
by default as this configuration already reaps most performance gains.

7.4 Performance on Advanced GPU

To evaluate the effectiveness of SG-Serve on more advanced GPUs, we have conducted experiments
on a machine equipped with an NVIDIA A100 GPU and an Intel Xeon Gold 6230R CPU with 26
cores. The experiments are conducted with CUDA Toolkit 12.4. We measure the P99 request latency
of all systems on Orkut under varying input request throughput, and the results are shown in Figure
20. We can observe that SG-Serve still consistently outperforms all baselines, exhibiting a similar
trend to the results obtained with the T4 GPU. In particular, SG-Serve reduces the P99 latency by
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up to 10.7x, 3.01x, and 1.85x over SBP, PC, and PC+E, respectively, at the same input throughput.
These results suggest that the advantages of SG-Serve remain consistent across faster GPUs and
newer CUDA Toolkit versions. This consistency stems from the fact that SG-Serve addresses the
fundamental challenges of serving SGRL models.

8 Related Work

GNN systems. Many systems are developed to train GNN models, e.g., DGL [72], PyG [30],
AliGraph [100], NeuGraph [56], P3 [33], and GNNAdvisor [74]. Some of them accelerate neighbor
aggregation, which is the basic operation in GNNs, via optimizing the aggregation pattern [40,
56] or adopting CUDA kernel fusion [21, 77]. Some parallelize GNN training on multiple GPUs
and typically focus on reducing the cost of inter-GPU or CPU-GPU communication, e.g., by
finding efficient communication plans on NVLink [14, 15, 75], data caching [59, 81], and hybrid
parallelism [73, 94, 95]. SG-Serve benefits from optimized neighbor aggregation by using a GNN
system (i.e., PyG) for model computation. However, we mainly consider scheduling and parallelizing
the requests to achieve a short tail latency while GNN training systems aim to reduce the bulk
processing time of large training batches.

Some systems [35, 55, 78, 91] claim to conduct model serving for classical GNN models such as
GCN [46] and GAT [41], which produce an embedding for each node in the data graph. However,
these systems compute the output embeddings offline, e.g., for model evaluation or preparing
downstream tasks. For instance, DGI [85] decomposes GNN models into layers to reduce the cost of
data loading from CPU memory to GPU memory when the computing node embeddings. GCNP [96]
speeds up embedding computation via dimension reduction, which trades accuracy for efficiency.
Traditional GNN models adopt offline computation because they use the node embeddings for
downstream tasks, e.g., feeding two node embeddings for link prediction. However, SGRL models
are more expressive than classical GNN models due to the joint subgraph extraction for multiple
seed nodes [10, 52, 84, 93]. Precomputation is infeasible because the number of possible seed node
sets is too large (e.g., 10'® node pairs for the 10 nodes in the Papers100M graph, and the number
of seed nodes can be more than 2). As such, we design SG-Serve to conduct online model serving
for SGRL models.

Subgraph Matching. Many systems have been designs for subgraph matching, including GAMMA [64],
PBE [37], VSGM [43], Graphflow [58], and Circinus [44]. Given a graph G and a query g, these
systems first construct a query graph g, and then search for all subgraphs of G that are isomorphic

to g4. In contrast, SGRL models typically extract an enclosed subgraph centered around a set of
seed vertices. Therefore, the execution patterns of subgraph matching and SGRL-based subgraph
extraction are fundamentally different and cannot be applied to serve SGRL models.

SGRL Training. Recent works have explored algorithm-system co-design for efficient SGRL
model training, such as GENTI [88], SUREL [84], and SUREL+ [83]. These approaches first propose
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new SGRL models with specialized subgraph extraction methods and then optimize the training
throughput of these specific models. Consequently, the system optimizations they employ are
tightly coupled with their model designs and cannot be easily generalized to accelerate other SGRL
models. In contrast, the SG-Serve system proposed in this paper targets the general subgraph
extraction procedure of SGRL models and focuses on reducing the latency of serving SGRL models.

Model serving. Machine learning (ML) model serving runs a trained ML model to process user
requests, and numerous systems are developed for this purpose due to the widespread adoption of
ML models. General-purpose model serving systems such as Triton Inference Server [6], TensorFlow
Serving [61], TorchServe [63], and Clipper [24] are widely used in industry. They manage the client
requests and schedule their execution on computation engines (i.e., machine learning frameworks)
such as Pytorch [62], Tensorflow [8], MXNet [20], and Caffe [42]. These systems perform well for
classical machine learning models such as multi-layer perceptron (MLP) and convolution neural
networks (CNNs) but lack specialized optimizations for models with special characteristics.

Many model serving systems are designed for specific types of ML models [34, 47, 49, 76, 82,
86, 87, 97-99]. These systems focus on analyzing the unique characteristics of the target models,
identifying the core efficiency challenges, and tailoring the system designs to tackle these challenges.
For example, BatchMaker [34] observes the recursive computation pattern of recurrent neural
networks (RNNs) and thus decomposes RNN requests into cells at the unit for batching to avoid
padding all requests to the same length. FastServe [76] exploits the auto-regressive pattern of
Transformer and adopts iteration-level preemption to stop the short requests early such that they
are not blocked by the long requests. For deep learning recommendation models (DLRM) that work
with many embedding entries, MERCI [49] and GRACE [82] precompute the partial aggregations
of correlated embedding entries to reduce data access during request processing. Similarly, SG-
Serve proposed in this paper is also a specialized serving system for SGRL models, which tailors
scheduling and parallelization strategies to handle the unique execution patterns and irregular
workload of SGRL requests.

9 Conclusion

We present SG-Serve, an online request serving system for the emerging subgraph representation
learning (SGRL) models. We identify the main challenge of SGRL serving as the irregular workload
of its requests, i.e., heavy requests have much more computation than regular requests. To achieve
a low request processing latency, we tailor system designs for the two stages of SGRL models,
i.e., subgraph extraction and model inference stages. For subgraph extraction, we propose API to
parallelize the extraction process and schedule task execution for CPU threads with a work-stealing
policy, which enjoys parallelism while avoiding head-of-line blocking. For model inference, we
batch the requests according to their workload instead of count and run two GPU processes to
prevent the heavy requests from monopolizing the entire GPU. Experimental results show that
SG-Serve significantly reduces request latency and improves system throughput compared with
existing systems.
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