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Abstract

Graph sampling prepares training samples for graph learning
and can dominate the training time. Due to the increasing
algorithm diversity and complexity, existing sampling frame-
works are insufficient in the generality of expression and
the efficiency of execution. To close this gap, we conduct a
comprehensive study on 15 popular graph sampling algo-
rithms to motivate the design of gSampler, a general and effi-
cient GPU-based graph sampling framework. gSampler mod-
els graph sampling using a general 4-step Extract-Compute-
Select-Finalize (ECSF) programming model, proposes a set
of matrix-centric APIs that allow to easily express complex
graph sampling algorithms, and incorporates a data-flow
intermediate representation (IR) that translates high-level
API codes for efficient GPU execution. We demonstrate that
implementing graph sampling algorithms with gSampler is
easy and intuitive. We also conduct extensive experiments
with 7 algorithms, 4 graph datasets, and 2 hardware configu-
rations. The results show that gSampler introduces sampling
speedups of 1.14-32.7% and an average speedup of 6.54%, com-
pared to state-of-the-art GPU-based graph sampling systems
such as DGL, which translates into an overall time reduction
of over 40% for graph learning. gSampler is open-source at
https://tinyurl.com/29twthd4.

CCS Concepts: « Software and its engineering — Mas-
sively parallel systems; « Computer systems organi-
zation — Neural networks; « Theory of computation —
Graph algorithms analysis.
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1 Introduction

Nowadays, graph learning models, such as graph embedding
(GE) [3] and graph neural networks (GNNs) [64], play a vital
role in supporting important applications such as recommen-
dation [56], fraud detection [24], and pharmacy [43] in many
domains, ranging from finance [10, 50], e-commerce [45],
medicine [37], to social networks [13].

Graph sampling is widely used to train graph learning
models on large graphs [5, 14, 15, 18, 25, 5662, 65]. In par-
ticular, given some frontier nodes, graph sampling extracts
small subgraphs (called graph samples) from the input data
graph to form mini-batches for training graph learning mod-
els. Graph sampling can be a significant bottleneck in this
process, constituting up to 96.2% of the end-to-end training
time as shown in Table 1. This is because the sampling time
cannot be overlapped by training computation that is typi-
cally lightweight for graph learning and runs on fast GPUs.
We are witnessing the increasing effort of moving graph
sampling to GPU, which leads to significant speedups over
CPU sampling. However, on-GPU sampling still remains the
bottleneck for graph learning tasks.

To support sophisticated graph learning tasks, various
graph sampling algorithms have been proposed, which are
far more complex than conventional random walks. Design-
ing scalable GPU-based graph sampling requires an in-depth
understanding of these algorithms. Thus, we conduct a com-
prehensive study on 15 popular algorithms (listed in Table 2)
in Section 2.1, which reveals that the complexity of graph
sampling stems from the granularity for graph traversal and
the tensor-oriented computation with diverse logic required
to compute sampling probabilities.

The characteristics of graph sampling algorithms make it
difficult to express and optimize them with existing systems,
because these systems do not offer general APIs and holis-
tic execution optimizations. First, they offer fine-grained
APIs to operate on each node or edge, e.g., vertex-centric
by NextDoor [19] and C-SAW [30], and message passing
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Table 1. The ratio of graph sampling time for training 3
popular graph learning models. The graph is Ogbn-Products,
and see Section 5.1 for detailed settings. GraphSAGE uses
the native implementations of PyG and DGL, while FastGCN
and LADIES use open-source implementations with our op-
timizations.

Framework Sampling Model
Hardware | GraphSAGE FastGCN LADIES
PyG CPU 96.2% - -
DGL CPU 70.1% 95.4% 95.4%
DGL GPU 45.8% 57.6% 70.1%

by DGL [46] and PyG [11], which are inconvenient for al-
gorithms that require a global view of graph samples (e.g.,
LADIES [65]) or complex computation (e.g., PASS [57]). Sec-
ond, existing systems lack a general representation of vari-
ous graph sampling algorithms, precluding opportunities of
jointly optimizing the entire sampling process. To tackle the
limitations, DGL manually optimizes the implementations
of a few algorithms with substantial development effort.

In this paper, we aim to build gSampler, a general and
efficient GPU-based graph sampling framework for easily
implementing a wide range of sampling algorithms with
enhanced performance. First, we model a graph as a sparse
matrix, and generalize graph sampling as an ECSF program-
ming model, which decomposes graph sampling into four
steps, i.e., extract, compute, select, and finalize. Each step
can then be implemented via the combination of a set of
matrix-centric APIs, which either filters out rows or columns
of a given graph matrix, optionally according to certain con-
ditions, or performs diverse tensor computation to obtain
sampling probability. The ECSF model encompasses all ex-
isting graph sampling algorithms, maintains a global view
across all the steps, and allows to interleave graph and tensor
operations flexibly. Moreover, our matrix-centric APIs adopt
Pythonic syntax to integrate with the most popular deep
learning system PyTorch, leading to succinct implementa-
tions and easy deployment.

The unified matrix abstraction for graph and tensor oper-
ations enables general strategies to accelerate the execution
of different graph sampling algorithms on GPU. In particu-
lar, we use a data-flow intermediate representation (IR) to
model and transform user programs written with our matrix-
centric APIs. Based on the IR, we propose three types of
optimization passes that are tailored for graph sampling:
(1) computation optimization passes including fusion and
pre-processing eliminate redundant data movements and
operators; (2) data layout selection passes determine the data
storage formats that are the most efficient for the entire pro-
gram; and (3) super-batch sampling batches the sampling
tasks to improve GPU utilization.
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Figure 1. Example for graph sampling

We incorporate the matrix-centric APIs, IR, and all opti-
mizations in gSampler, which has been further connected
with DGL and PyG, two leading and widely adopted graph
learning systems, for model training. We compare our gSam-
pler with 5 state-of-the-art graph sampling systems, i.e., cu-
Graph [36], GunRock [49], SkyWalker [47], PyG [33] and
DGL [7], and experiment with 7 graph sampling algorithms
and 2 hardware configurations. The results demonstrate that
gSampler outperforms baseline systems in all cases, with
sampling speedups of 1.14-32.7x, where half of cases exceed
2x and the average speedup is 6.54X. We also measure the im-
pacts of the optimization designs in gSampler, and the results
suggest that they effectively accelerate execution. Finally,
considering the entire training process for graph learning
models, the efficient sampling delivered by gSampler trans-
lates into a substantial training acceleration, i.e., an overall
time reduction of over 40%.

To summarize, we make the following contributions:

e We survey 15 popular sampling algorithms for graph
learning, which reveals the unique characteristics of
emerging algorithms and motivates us to model the
sampling process with a 4-step ECSF model. This study
also offers principles for proposing general program-
ming models and system support for graph sampling.
Based on the ECSF model, we propose matrix-centric

APIs for graph sampling, which is general and user-

friendly. The APIs together with the ECSF model and

the data-flow IR not only lead to succinct and intuitive
implementations but also enable holistic execution
optimizations.

e We incorporate a suite of sampling-oriented optimiza-
tions for the execution of graph sampling algorithms
on GPU, e.g., computation optimizations, data layout
selection, and super-batch sampling, which effectively
improve efficiency.

e We open-source gSampler and conduct an in-depth
evaluation to compare with state-of-the-art sampling
frameworks on representative sampling algorithms,
graph learning models, and public graph datasets.

2 Background and Motivation

In this section, we introduce graph sampling algorithms
for graph learning and discuss the design trends of these
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Table 2. A summary of popular graph sampling algorithms. In each layer, the neighbors of some frontier nodes are sampled.
Node-wise means that each frontier samples its neighbors independently while layer-wise means that sampling is conducted
jointly among the neighbors of all frontiers. Fanout (i.e., Fan) is the number of neighbors to sample.

Category Bias Fan Algorithms Description
DeepWalk [31] Vanilla rank walk, uniformly sample a neighbor of the frontier at each stee p
. =1 GraphSAINT [59] Conduct vanilla rank walk and induce subgraph according to sampled nodes
Uniform Random walks following a meta-path (with node/edge types) or using restarts
PinSAGE [56], HetGNN [60] walks totlowing path (w ge typ using ,
Node-wise select top-k visited neighbors as sampled nodes
>1 | GraphSAGE [15], VR-GCN [5] | Each frontier independently and uniformly samples fanout neighbors
Static .1 SEAL [61], ShaDow [55] Each frontm? samples neighbors with uniform or PPR bias and then induce a
subgraph using all the sampled nodes
=1 Node2Vec [14] Random walk, a neighbor’s bias is 1/q, 1/p or 1 based on the previous frontier
Dynamic | 1 GCN-BS [25], Thanos [62] Sampling bias of edges are updated with reward computed by bandit solvers
PASS [57] Sampling bias of edges are computed using trainable model parameters
Static FastGCN [4] The sampling bias of a node is its degree
Layer-wise . >1 AS-GCN [18] Sampling bias of edges are computed using trainable model updated by gradient
Dynamic - - - - -
LADIES [65] The sampling bias of a node is the sum of its squared edge weights to the
frontiers, edge weights of sampled subgraph are divided by sampling bias

1 def matrix_normalize(A):
h = (A** 2).sum(axis=1)
return h / h.sum()

1 def dgl_normalize(g):
2  g.edata[“e”] = g.edata[‘e”] ** 2 2
3  msg_fn =dgl.copy_e(‘e’, ‘e) 3
4 reduce_fn = dgl.sum(‘e’, ‘h’)

5 g.update_all(msg_fn, reduce_fn)
6 h=g.ndata['h’]
7  return h/h.sum()

Figure 2. Compute sampling bias for LADIES with DGL
message passing APIs (left) and matrix abstraction (right)

algorithms. We also analyze the limitations of existing GPU-
based graph sampling systems to motivate our design.

2.1 Graph Sampling Algorithms

Graph sampling usually involves several layers (i.e., steps
for random walk) and executes layer-by-layer. Consider the
toy graph in Figure 1(a) and the graph sample (i.e., a sampled
subgraph) in Figure 1(b). The frontier node is a, and layer-1
samples among the in-neighbors of a , i.e., {b,c, e}; if we
select b and e as the layer-1 nodes, layer-2 samples among
the in-neighbors of b and e, i.e., {c,d, f, g, h}. We call the
nodes whose neighbors are sampled frontiers (e.g., node a
for layer-1), and the sampled neighbors become the frontiers
for the next layer (e.g., node b and e for layer-2).

In Table 2, we profile 15 popular graph sampling algo-
rithms. We observe that these algorithms fall into two sam-
pling patterns, namely, node-wise sampling and layer-wise
sampling, and differ in how the frontiers compute sampling
probability for their neighbors (i.e., sampling bias).

Sampling patterns. Node-wise sampling (e.g., GraphSAGE
and PASS) conducts sampling for the frontiers independently.
For example, in Figure 1(b), b and e each samples 2 of their in-
neighbors and they both sample their common in-neighbor
f. As aresult, there are only 3 nodes in layer-2. Layer-wise
sampling (e.g., FastGCN and LADIES) conducts sampling
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collectively among the neighbors of all frontiers. For exam-
ple, in Figure 1(c), we first collect the neighbors of b and e
as {c,d, f, g, h} and then sample 4 nodes among them with-
out replacement, i.e., one deliberately avoids choosing any
member of the population more than once, which results in
4 nodes in layer-2.

After sampling, some algorithms conduct adjustments to
prepare for training. For instance, SEAL and GraphSAINT
induce a subgraph for the sampled nodes. LADIES adjusts
the weights of the edges in the sampled subgraph for more
accurate gradient estimation.

Sampling bias. A frontier can simply sample its neigh-
bors with equal probability (i.e., uniform, GraphSAGE for
instance). Unlike this, some algorithms assign static sampling
bias for each edge/node, e.g., the node degree in FastGCN and
personalized page rank (PPR) score in SEAL. The sampling
bias can also be dynamic, for instance, Node2Vec determines
the sampling bias of a neighbor according to its distance to
the previous frontier. Both PASS and AS-GCN train a model
to compute the sampling bias, and the model is updated us-
ing gradients from training. These model-driven sampling
algorithms can involve complex tensor operations.

For node-wise sampling, a frontier simply normalizes the
sampling bias among its neighbors to obtain the sampling
probability. However, for layer-wise sampling, all frontiers
need to jointly normalize the sampling bias of their neigh-
bors. Assume that the graph sample in Figure 1(c) is con-
structed by LADIES, which uses squared edge weight as sam-
pling bias. For layer-2, the candidate nodes are {c, d, f, g, h},
and they receive sampling bias from the layer-2 frontiers
(i.e., b and e). For example, the sampling bias of node f is
Bf = w}b + w]%e = 0.49 +0.09 = 0.58, where ws;, and wp,
are the weight of edges fb and fe. With the sampling bias
of the candidate nodes, LADIES computes their total sam-
pling bias B and uses it to normalize the sampling bias of
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Table 3. Comparing representative GPU-based graph sampling systems with our system gSampler.

System Design Target

APIs

Gunrock, Medusa Graph algorithms, e.g., PageRank,

shortest path, and connected components

Vertex-centric, each frontier node processes
a set of nodes and produces new frontiers

Nextdoor, C-SAW, Node-wise sampling without tensor

Vertex-centric, each frontier node samples

Skywalker computation, e.g., random walk and GraphSAGE  its neighbors as new frontiers
Embedding mapping and neighbor Message passing, each node generates,
DGL, PyG ;  and .
embedding aggregation in GNN passes, and aggregates messages along its edges
gSampler Diverse graph sampling algorithms, with tensor ~ Matrix-centric, a subgraph is a matrix that

computation and subgraph-level operations

supports data extraction and computation

each node (e.g., By/B). Thus, layer-wise sampling requires
cross-frontier operations.

Algorithm design trends. We observe that graph sam-
pling algorithms are moving towards tighter integration
with graph learning models. This leads to the following two
trends that are challenging for the design of a general and
efficient graph sampling framework.

e Graph view. To better prepare the graph samples
for training, the latest sampling algorithms involve
operations such as layer-wise sampling, induced sub-
graph generation, and post-sampling edge weight ad-
justment, which require a complete view of the graph
sample. In particular, layer-wise sampling allows to
explicitly control the number of nodes in each layer
while node-wise sampling exponentially increases the
number of nodes with layer, which results in high
training costs. LADIES adjusts edge weight across the
sampled subgraph to reduce the variance in gradient
estimation.

Compute-intensive. Graph sampling can involve
complex tensor computation. For example, PASS and
AS-GCN compute sampling bias by training models.
GCN-BS and Thanos use bandit solvers to update the
sampling bias of each edge. This requires to interleave
the graph operations (i.e., subgraph extraction and
neighbor sampling) with tensor operations and jointly
optimize them.

2.2

We summarize representative GPU-based graph sampling
solutions in Table 3. As mentioned above, sampling algo-
rithms for graph learning are becoming increasingly complex
and favor a complete view of the graph sample. However,
most systems (e.g., Nextdoor [19], C-SAW [30], and Sky-
walker [47]) adopt vertex-centric APIs, where each frontier
can only see its neighbors (i.e. local view). The vertex-centric
APIs are designed primarily for random walks (which have
only 1 frontier) and work well for simple node-wise sampling

Limitations of Existing Solutions

(which processes different frontiers independently). How-
ever, with a local view at each frontier, the vertex-centric
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APIs cannot handle operations that require a complete view
of the graph sample. For instance, Nextdoor does not support
cross-frontier bias normalization and only implements an
approximate version of LADIES without bias computation.
Moreover, these systems do not support tensor computation,
which is required by model-driven sampling algorithms (e.g.,
PASS).

GNN training systems, such as DGL [46] and PyG [11],
adopt message passing APIs, where each node generates/ag-
gregates messages along its edges. Their APIs allow tensor
computation on the nodes and edges, and are designed pri-
marily for neighbor embedding aggregation in GNN. With a
fine-grained view at each node/edge, the message passing
often leads to complex implementations for graph sampling
algorithms that require a complete view of the graph sam-
ple. For instance, as shown in Figure 2, using DGL, com-
puting sampling bias for LADIES requires to first send the
weights over the edges and then aggregate the weights. In
contrast, treating the graph as an adjacency matrix (i.e., A)
requires only two lines of codes (LoCs). Furthermore, em-
ploying DGL/PyG for programming intricate sampling al-
gorithms requires users to go beyond its message passing
APIs and introduce extra graph operations such as subgraph
extraction or ID remapping across subgraphs. Finally, due to
the lack of a unified abstraction, DGL and PyG implement
and optimize the graph sampling algorithms case by case,
which takes substantial effort and does not generalize to new
algorithms.

2.3 Design Considerations for gSampler

To tackle the limitations of existing systems, we present the
matrix-based abstraction, which provides a global view for
graph sampling. This approach unifies fine-grained frontier,
subgraph, and tensor views. Based on this abstraction, gSam-
pler adopts matrix-centric APIs, which represent a subgraph
as a matrix and conduct operations on the matrix for sam-
pling. Our key observation is that both graph operations
(e.g., extract neighbors and induce subgraph) and tensor op-
erations (e.g., model mapping and bias computation) can
be expressed as matrix operations. Thus, the matrix-centric
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Table 4. Key operators provided by our matrix-centric APIs. We call A a graph, subgraph, or matrix interchangeably. Our
operator syntax is consistent with PyTorch matrix operations but mainly handle sparse matrix.

Step Operator Interpretation
Extract A[:, columns], A[rows,:] Slice columns or rows from matrix A, return a sub-matrix (subgraph).
A@D Matrix multiply for sparse matrix A and dense matrix D.
A.<op>(V, axis=0), Broadcast operator between sparse matrix A and vector V on
C <op>: add, sub, mul, div dimension axis, return a sparse matrix of the same shape as A.
ompute - - - - -
A.sum(axis=0) Reduction operator on the dimension axis and return a vector.
A <op> D, A <op>v Element-wise operators on sparse matrix A, possibly with a dense
<op>:+,-, %/, 7 matrix D or a number v, return a sparse matrix of the same shape as A.
A.individual_sample(K, probs) Sample K neighbors for each frontier (i.e. column node) independently
Select according to probs and return a sub-matrix of A.
A.collective_sample(K, node_probs) Sample K out of matrix A’s row nodes according to node_probs and
return a sub-matrix of A.
Finalize A.column(), A.row() Return the column or row node IDs of sparse matrix A.

APIs support sampling algorithms that conduct diverse op-
erations and allow to jointly optimize the entire sampling
program. Moreover, with the global view for sampling, gSam-
pler allows conducting graph-level processing conveniently
with high-level matrix operations (e.g., the sampling bias
computation in Figure 2), which solves the problem of fine-
grained operations in existing systems. High-level matrix
operations also allow us to condense common operations in
graph sampling (e.g., extract subgraph and sample neighbor)
and support them with built-in operators, which simplifies
programming and improves usability.

3 Matrix-centric APIs for Graph Sampling

In this section, we introduce our matrix-centric APIs and
Extract-Compute-Select-Finalize (ECSF) programming model
for graph sampling, and show how to use them to easily
express diverse graph sampling algorithms.

3.1 Matrix-centric APIs

For graph learning, the input data is a graph G = (V, E), in
which each node v € V (resp. edge e € E) has a feature vector
fo (resp. fe) that records its attributes (e.g., the characteristic
of a user node in social networks), and each edge e may
also have a weight w,. We use an adjacency matrix A to
represent the graph topology, which is a sparse matrix [51]
with shape (|V|, |V]). For a node v, the row of the matrix (i.e.,
A[v,:]) keeps its out-going edges while the column (i.e., A[:v])
keeps its in-coming edges. Matrix A records the existence of
edges if the graph is unweighted and keep edge weights if
the graph is weighted. Conversely, we allow users to treat
a matrix A’ as a graph, where each element a;; € A’ is the
weight or sampling bias of an edge. Logically, the node (resp.
edge) feature vectors are kept in an array and accessed via

node (resp. edge) ids.
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We observe that all existing graph sampling algorithms
follow a 4-step Extract-Compute-Select-Finalize procedure,
which can be conducted via matrix operations. Consider a
layer of graph sampling, the extract step obtains the subgraph
between the frontier nodes and their in-neighbors; the com-
pute step calculates sampling probability for the candidate
nodes; the select step samples the candidate nodes according
to the sampling probability; and the finalize step determines
frontiers for the next layer and adjusts the graph sample. We
provide the operators in Table 4 to support the four steps
and discuss them as follows.

Extract step. Given a list of node ids as frontiers, sub_A
= A[frontiers,:] and sub_A = A[:, frontiers] extract the cor-
responding rows and columns from matrix A, which are
essentially the out-neighbor and in-neighbor subgraphs for
the frontier nodes. As graph sampling usually samples the
in-neighbors of the frontier nodes, the extract step can be
conducted by sub_A = A[:, frontiers]. If matrix A is of size
M X N and there are T frontier nodes, the output sub_A is
of size M X T.

Compute step. The compute step can be skipped for sim-
ple algorithms that conduct uniform sampling (e.g., vanilla
random walk and GraphSAGE). However, for advanced al-
gorithms, this step can become complex. Users can adopt
our compute operators to conduct sampling bias computa-
tion, which share the same syntax as PyTorch operators to
minimize semantic gap and learning overhead. Under the
hood, we employ sparse storage formats and computational
optimizations to enhance efficiency. For instance, consider
matrix multiplication (A @ D), where the shape of matrix
A and matrix D are (N, M) and (M, K), respectively. The
resulting matrix shape is (N, K), conforming to standard ma-
trix multiplication. For efficiency, A @ D can be performed
using sparse matrix multiplication (SpMM) [17]. Users can



SOSP 23, October 23-26, 2023, Koblenz, Germany

Ping Gong, Renjie Liu, Zunyao Mao, Zhenkun Cai, Xiao Yan, Cheng Li, Minjie Wang, Zhuozhao Li

def sample_onelayer(A, frontiers, K):
sub_A = A[:, frontiers]
sample_A = sub_A.individual_sample(K)
next_frontiers = sample_A.row()
return sample_A, next_frontiers

(a) GraphSAGE

def sample_onelayer(A, frontiers, K):
sub_A = A[:, frontiers]
row_probs = (sub_A ** 2).sum(axis=0)
sample_A = sub_A.collective_sample(K, row_probs)
select_probs = row_probs[sample_A.row()]
sample_A = sample_A.div(select_probs , axis=1)
sample_A = sample_A.div(sample_A.sum(axis=0))
next_frontiers = sample_A.row()
return sample_A, next_frontiers

(b) LADIES

12

def sample_onelayer(A, frontiers, K, features, W1, W2, W3):
sub_A = A[;, frontiers]
B = features # Features for each row
C = features]frontiers] # Features for each column
Al=sub_A*((B@ W1) @ (C @ W1))
A2 =sub_A* (B @ W2) @ (C @ W2))
A3 = sub_A.div(sub_A.sum(axis=0))
att_A = stack([A1, A2, A3])
att_A = (att_A @ W3.softmax()).relu()
sample_A = sub_A.individual_sample(k, att_A)
next_frontiers = sample_A.row()
return sample_A, next_frontiers

(c) PASS

Extract Compute Select Finalize

Figure 3. Implement the graph sampling algorithm by populating our ECSF interface with our matrix-centric APIs

also employ standard PyTorch operators to perform dense
matrix/vector computations.

Select step. We provide two operators, namely, individ-
ual_sample and collective_sample, for node-wise and layer-
wise sampling, respectively. The individual_sample operator
independently samples K neighbors for each frontier (i.e.,
column) of subgraph sub_A according to the sampling proba-
bility probs. Both probs and the return matrix have the same
size as sub_A. The collective_sample operator samples K of
sub_A’s row nodes based on the sampling bias node_probs,
which is a vector of the same dimension as the rows of sub_A,
and returns a matrix that contains only the edges between
the sampled row nodes and the frontiers (i.e. column nodes).
Thus, the shape of SubA.collective_sample() is K X T, where
T in the number of frontier. When probs or node_probs is
omitted, we assume that the sampling bias on each edge
is 1 and automatically aggregates the node sampling bias
for node_probs. Moreover, we allow users to directly use
sampling bias as probs and node_probs to skip normalization.

Finalize step. Following the above three steps, some other
operations may be required, e.g., induce a subgraph, deter-
mine the frontiers of the next layer, and adjust edge weight
to prepare for training. To support these operations, we pro-
vide two operators in Table 4, which returns elements of
the sampled subgraph sample_A. For instance, A.row() and
A.column() return the node IDs for the rows and columns
of matrix A, which can be used to determine new frontiers.
Note that even if A is a subgraph, the two operators still re-
turn the IDs of the nodes in the original graph, which avoids
ID conversion for users. Users may also conduct other post-
processing computations with our operators.

3.2 Example Use Cases

We demonstrate the generality and usability of our matrix-
centric APIs and the ECSF programming model by expressing

567

three representative graph sampling algorithms. In particular,
GraphSAGE is a simple algorithm without the compute step,
while the other two algorithms are more complex with bias
computation. For simplicity, here, we focus on a layer of
sampling as it is straightforward to stack multiple layers.

GraphSAGE. GraphSAGE conducts node-wise sampling,
and each frontier samples its neighbors uniformly. In Fig-
ure 3(a), Line 2 extracts the subgraph between the frontiers
and their in-neighbours. The compute step is skipped as
GraphSAGE samples neighbors uniformly. Line 3 executes
the select step, which employs the individual_sample opera-
tor to conduct node-wise sampling and select K neighbors
for each frontier node. To finalize, line 4 collects the row
nodes of sample_A as the frontiers for the next layer. Note
that if we set the number of neighbors to sample as K=1,
GraphSAGE becomes a vanilla random walk.

LADIES. LADIES conducts layer-wise sampling and uses
squared edge weights as sampling bias. In Figure 3(b), Line
2 extracts the subgraph between the frontiers and their in-
neighbours. Line 3 executes the compute step, which con-
ducts element-wise square for the edge weights of the ex-
tracted subgraph and aggregates the sampling bias of the
candidate node by summing in the row dimension. Line 4
uses the collective_sample operator to conduct layer-wise
sampling. To finalize, lines 5-7 normalize the edge weights
for the layer to prepare the graph sample for training, and
line 8 extracts the row nodes of sample_A as new frontiers.

PASS. PASS performs node-wise sampling but trains 3 pro-
jection matrices W1, W2, and W3 to control the sampling
bias. Figure 3(c) shows the matrix-centric implementation
of PASS. Line 2 extracts a subgraph containing the frontiers
and their in-neighbors. Lines 3-9 comprise the compute step,
which is more complex than the above two algorithms. Lines
3-4 prepare dense matrices B and C that store feature vectors
for the row and column nodes. Lines 5-6 use PyTorch dense
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matrix multiplication and element-wise sparse multiplica-
tion to compute two attention weights on the edges of sub_A
(i.e., Al and A2) by using the projection matrices (i.e., W1
and W2) to map the node features of the edges. Note that
@ means matrix multiply in PyTorch. Line 7 normalizes the
edge weights of sub_A by row, which is used as the third
edge attention. Lines 8-9 concatenate the three attention
weights and use project matrix W3 to map the result to sam-
pling bias. For the select step, line 10 employs node-wise
sampling, while Line 11 prepares frontiers for the next layer
to complete the finalize step.

Advantages of matrix-centric APIs. From the examples,
we can observe several advantages of our matrix-centric
APIs. First, a global view of the graph sample and high-level
matrix operations enable simple subgraph operations such
as sampling bias aggregation and edge weight adjustment,
which are complex to implement on the fine-grained vertex-
centric or message passing APIs of existing systems. Second,
different graph sampling algorithms share similar extract
and select logic but differ significantly in sampling bias com-
putation. We provide operators for typical extract and select
patterns for good usability and enable users to customize
bias computation with a complete set of matrix operators for
good generality. Third, the semantic of our operators is con-
sistent with PyTorch tensor operators, and users can express
all operations (i.e., either graph or tensor) via matrix oper-
ators. This not only makes it easy to write and understand
code with our APIs but also enables holistic optimizations
for the entire sampling process as in the next section.

3.3 Expressiveness and Limitation

gSampler can express all 15 algorithms in Table 2 and has
potentials to inspire new sample algorithm designs and facili-
tate easy integration of advanced graph sampling algorithms
with modern graph learning frameworks. However, its ex-
pressiveness comes at the cost of some programming over-
head for conventional sampling tasks that favor fine-grained
or local views. That is, random walks are slightly more com-
plex to express in gSampler than existing systems because
they fit well with the conventional vertex-centric abstrac-
tion. For instance, while DeepWalk in C-SAW requires only
3 lines of code (LoCs), gSampler employs 10 LoCs. However,
gSampler’s inherent optimizations ensure that random walks
achieve comparable efficiency with specialized frameworks.
Therefore, the associated overhead is reasonable in return
for heightened generality and expressiveness, particularly
for intricate graph sampling algorithms.

4 The gSampler System

In this section, we firs provide an overview on how gSampler
optimizes user code for GPU execution. Then, we discuss
the core optimizations of gSampler for efficiency.
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Figure 4. The execution workflow of gSampler

4.1 Overall Workflow

Figure 4 shows the execution workflow of gSampler. First, a
user program written with our Pythonic matrix-centric APIs
is parsed into an intermediate representation (IR), which is a
data flow graph comprising computation operators as nodes
and data dependencies as edges. Then, gSampler applies
several optimization passes over the IR to improve execution
efficiency. Finally, the optimized IR is translated into machine
code for GPU execution.

In particular, gSampler conducts three types of IR optimiza-
tion passes. First, computation optimization passes including
fusion and pre-processing are applied to eliminate redun-
dant data movements and operators (Section 4.2). Second,
the data layout selection passes determine the data storage
formats that are the most efficient for executing the program
(Section 4.3). Finally, the super-batch sampling batches the
sampling tasks to improve GPU utilization (Section 4.4).

Modeling graph sampling as a data-flow IR allows global
optimizations that consider and benefit the entire sampling
process, which are impossible in existing systems. For in-
stance, gSampler conducts operator fusion and data layout se-
lection that require tracking the dependencies between all op-
erators in a program. In contrast, frameworks like Nextdoor
and C-SAW only optimize a single operator (e.g., neighbor
selection and bias computation), while GNN systems like
DGL and PyG run graph sampling in eager mode without IR
(i.e., one operator at a time). Moreover, the IR representation
also allows to hide the optimization details from users and
incorporate new optimizations as additional passes.

4.2 Computation Optimizations

Operator fusion combines adjacent operators in the IR to
avoid materializing intermediate results [41] and is widely
used to accelerate GPU execution. Considering the character-
istics of our matrix-centric APIs and ECSF model, we tailor a
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5-6 in PASS, and (c) for line 6-7 in LADIES case.

set of operator fusion rules that differ from those commonly
utilized for DNNs and illustrate them in Figure 5.

For sampling algorithms that skip the compute step, gSam-
pler applies Extract-Select fusion, which fuses the extract
operator and select operator to avoid materializing the ex-
tracted subgraph. For example, in Figure 3(a),sub_A = A[:,
frontiers] & sub_A.individual_sample() are fused. As shown
in Figure 5(a), this allows to extract subgraph and sample
neighbors in one pass.

For algorithms that conduct the compute step, gSampler
designs operator fusion rules by using the fact that the com-
pute operators are either map or reduce operators on the
edge data of sparse matrices. In particular, we distinguish
two types of operators: (1)Edge-map operator updates the
scalars/vectors on the edges of matrix, e.g., A.<op>(V, axis),
where V is a dense tensor and axis is a number; and (2) Edge-
reduce operator reduces data from the edges to the nodes and
returns a dense tensor, e.g., A.sum(axis) and A @ D, where
D is a dense tensor. For a user program, gSampler marks
all compute operators on the sparse matrices as either edge-
map operator or edge-reduce operator, and then apply the
following fusion rules:

e Edge-Map fusion. Inspired by element-wise fusion [12],
gSampler fuses consecutive edge-map operators that
act on the same sparse matrix A into a single edge-
map operator because they all process the edges of A.
Figure 5(b) shows the edge-map fusion in PASS, i.e.,
the code in Figure 3(c).

Edge-MapReduce fusion. For a pair of consecutive edge-
map and edge-reduce operators that act on the same
matrix A, the former updates the data on the edges
while the latter aggregates the updated edge data onto
the nodes. gSampler fuses them into a single edge-
reduce operator to avoid writing the results of the
edge-map operator to GPU global memory. Figure 5(c)
shows the edge-MapReduce fusion in LADIES, i.e., the
code in Figure 3(b).

While computation fusion is a general technique, its ap-
plication in graph sampling presents new challenges. Deep
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learning compilers like TVM [6] and Tensorflow XLA [41]
cannot fuse graph operators as they focus on dense com-
putations. Graph compilers like Seastar [52] and Graphiler
[53] are inadequate for graph sampling as they assume fixed
graph structures, whereas graph sampling involves dynamic
changes. In contrast, gSampler takes a different perspective,
where we consider both the operators for graph sampling
and the operators for bias computation. This allows optimiz-
ing them jointly within a single framework.

Pre-processing. gSampler pre-computes the variables that
do not change before sampling, which fall in two cases. (1)
An operator generates a constant value, e.g. computing the
degree of each node in FastGCN and the PPR scores in SEAL.
(2) When applied to a subgraph sub_A, an operator produces
the same result on each edge as if applied to the entire graph
A. In this case, gSampler executes the operator on A in ad-
vance and then substitutes the original operator node in the
IR with an extract operator that reads the pre-computed re-
sults. For example, in LADIES, by pre-computing M = A **
2on A, sub_A = A[, frontiers] and sub_A ** 2 are replaced
with sub_M = M[, frontiers].

Other computation passes. gSampler also adopts stan-
dard optimization passes to process the IR. For example,
dead code elimination (DCE) [1] removes the operator nodes
without outgoing edges. Common Subexpression Elimina-
tion (CSE) [1] keeps only one of the operator nodes that
produces the same result.

4.3 Data Layout Selection

gSampler stores graphs and matrices using sparse formats,
i.e., compressed sparse row (CSR), compressed sparse col-
umn (CSC), and coordinate list (COO) [51]. In particular, CSR
stores the out-neighbors of each node consecutively; CSC
stores the in-neighbors consecutively; COO stores the edge
list. gSampler needs to choose efficient sparse formats for
a user program but different operators have different pref-
erences for the formats. We illustrate this phenomenon in
Table 5 using LADIES as an example. In particular, CSC is
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Table 5. Time cost (ms) of the operators in LADIES on dif-
ferent graph formats and the format conversion cost. The
graph is Ogbn-Products.

Operator CSC COO CSR
A[:, frontiers] 1.32 1842 14.13
sub_A.sum(...) - 0.86 0.55
sub_A.collective_sampling() 2.54 1.52 0.50
format conversion C5C2C00  COO2CSR
0.38 2.40

efficient for extracting in-neighbors but inefficient for col-
lecting out-going edges while the opposite is true for CSR.
gSampler may use different sparse formats for consecutive
operators but this introduces a format conversion overhead,
which should be balanced with the benefits of using efficient
sparse formats for the operators. Similarly, during the sam-
pling process, gSampler may remove isolated nodes without
edges (i.e., compaction) to reduce the sizes of intermediate
matrices but the gain should be balanced with the overhead
of compaction. For example, as the extract step keeps the
original row dimension, it could result in a matrix where a
large number of isolated row nodes that do not connect to
the frontiers. gSampler may remove these isolated nodes by
paying the cost for global to local id conversion.

We introduce a data layout selection optimization pass
to gSampler, which makes decisions on sparse format selec-
tion and graph compaction. Specifically, in our ECSF model,
only the extract and select steps modify the graph structure,
while the compute and finalize steps conduct computation
or retrieve attributes of a graph. This means that operators
of the compute and finalize steps just adopt the data layout
of their upstream operators, and thus we only need to find
optimal data output layout for the extract and select opera-
tors. Due to the small search space, brute force search can
usually determine the optimal data layout in reasonable time
(e.g., within 1 second), and the search time is amortized over
many mini-batches.

4.4 Super-batch Sampling

Graph learning consumes the graph samples in mini-batch,
and a small batch size is usually required for good model
quality [21, 32, 54]. However, for graph sampling, a small
batch size means lightweight workload and may lead to GPU
under-utilization. We show such an example in Figure 6
for GraphSAGE and LADIES, where the time to go over all
frontier nodes (i.e., an epoch) first reduces and then stabilizes
with batch size, indicating that GPU can only be well utilized
at large batch size.

For many graph sampling algorithms (except those that
require model update, e.g., PASS), we can sample multiple
mini-batches together. This super-batch sampling method
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Figure 6. Sampling time in an epoch with different batch
sizes. The graph is Ogbn-Products.

differs from a larger batch sampling task that merges du-
plicate nodes and edges during the sampling process and
finally returns a single subgraph. Contrary, super-batch sam-
pling refers to sampling multiple batch tasks simultaneously,
where each batch’s sampling process is independent of the
others, even if there are duplicate edges or nodes between
them, and the final results are multiple sampled subgraphs.
gSampler ensures the correctness of super-batch sampling
by mapping the graph nodes in each mini-batch to a different
ID space such that the mini-batches do not interfere with
each other during execution.

A naive implementation of the super-batch sampling is
to create a super-batch version for each operator, requiring
substantial engineering effort. To address this problem, we
observe that the operators for all steps except compute are
limited in number and similar across different algorithms.
Thus, we provide a few dedicated super-batch operators
for the extract and select steps to replace the correspond-
ing operators in the IR. For example, we implement seg-
mented_collective_sample to replace collective_sample, where
the neighbors are sampled independently for each batch.
This strategy does not apply to the compute step as the num-
ber of operators is large and their logic are diverse. As such,
instead of changing the operators, we choose to properly
construct large batch input. In particular, we concatenate the
sliced matrices obtained by the extract step as the diagonal of
a larger matrix, which is fed to the compute operators. This
approach produces correct results and balances development
effort for the non-compute operators and generality for the
compute operators.

Although super-batch sampling improves efficiency, it
takes extra GPU memory to store multiple mini-batches. For-
tunately, many studies observe that GNN models are small
and they do not use much GPU memory. To control the mem-
ory overhead, gSampler allows users to specify a memory
budget for sampling and uses a grid search to determine the
maximum super-batch size within the memory budget.

4.5 Implementation Details

We build gSampler on PyTorch [35] with 7.7K and 2.1K lines
of code in C/C++/CUDA and Python, respectively. gSampler
utilizes torch.fx [34] to generate the data-flow IRs and im-
plement all IR optimizations. gSampler also leverages the
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Table 6. The graphs used in the experiments.

Dataset Abbr. |V| |[E|  Size (GB)
Livejournal LJ 5M  69M 1.1
Ogbn-Products PD 25M 126M 3.4
Ogbn-Papers100M PP  111M 1.6B 29
Friendster FS 65M  1.8B 31

PyTorch GPU memory cache pool to reduce the overhead
of GPU memory management. For heterogeneous graphs,
each type of edges is modeled as a sparse matrix to conduct
the same sampling workflow as homogeneous graphs. To
support training, gSampler provides two APIs to_dgl graph
and to_pyg_ graph to convert the produced sparse matrices
produced into the graph formats required by DGL and PyG.
By default, gSampler stores graphs in GPU memory for fast
access. For large-scale graphs that exceed GPU memory,
gSampler keeps them in CPU memory and accesses them
via Unified Virtual Addressing (UVA) [29] in GPU kernels.

5 Evaluation
Our evaluation answers the following questions:

e How does gSampler compare with state-of-the-art sys-
tems in terms of generality and efficiency for graph sam-
pling algorithms?

e By making graph sampling efficient, how does gSampler
accelerate graph learning tasks?

e How effective are the optimizations of gSampler?

5.1 Experimental Setup

Graphs and sampling algorithms. We use the graphs
in Table 6 for the experiments, which are obtained from
OGB [16] and SNAP [38]. The PD and FS graphs are undi-
rected, and we create two directed edges for each undirected
edge. We randomly generate 128-dimension float feature
vector for each node in the L) and FS graphs as they do not
come with node features. For the FS graph, we randomly
sample 1% of its nodes as the frontier nodes for graph sam-
pling. Among the 15 graph sampling algorithms in Table 2,
we choose 7 representatives for the experiments, i.e., Deep-
walk [31], Node2Vec [14], GraphSAGE [15], LADIES [65],
AS-GCN [18], PASS [57] and ShaDow [58]. Among them,
Deepwalk, Node2Vec, and GraphSAGE are relatively simple
algorithms that conduct node-wise sampling without tensor
computation. The other 4 algorithms are more complex, i.e.,
LADIES and AS-GCN conduct layer-wise sampling, PASS in-
volves tensor computation, and ShaDow induces a subgraph
using all the sampled nodes.

Baselines. For graph sampling, we compare gSampler with
DGL [46], PyG [11], SkyWalker [47], Gunrock [49], and cu-
Graph [36]. Among them, DGL and PyG are two popular
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graph learning frameworks that also support graph sam-
pling. Skywalker is a graph sampling framework with highly
optimized GPU kernels for biased node-wise sampling. Gun-
rock is a general graph processing system on GPU that also
supports unbiased node-wise sampling. cuGraph is a library
from NVIDIA to support versatile graph functionalities on
GPU. We do not include C-SAW [30] and NextDoor [19] as
SkyWalker is reported to outperform them [47]. For the end-
to-end time of graph learning tasks, we integrate gSampler
with DGL for GNN training and compare with DGL and PyG.

DGL and PyG use CSC for the initial graph. gSampler does
so because CSC is efficient in extracting incoming edges
(A[:, frontiers] in Table 5), which is the first step of graph
sampling. cuGraph, GunRock, and SkyWalker use CSC, their
best performing format, for the entire procedure.

Experiment platform. By default, we use an p3.16xlarge
[2] instance on AWS with 64 vCPUs (Intel(R) Xeon(R) CPU
E5-2686 v4 @ 2.30GHz) and 488GB memory, and utilize a
single V100 GPU with 16GB memory. To test the influence of
hardware, we also use a second experiment machine with T4
GPU, which also has 16 GB memory but smaller FLOPS than
V100. We store the graphs on GPU memory when they fit in
(i.e., L) and PD) and keep them on CPU memory otherwise
(i.e., PP and FS). The operating system is Ubuntu 20.04, and
the softwares are CUDA 11.7 [28], PyTorch 2.0.0 [35], DGL
1.0.2 [7], PyG 2.3.0 [33], and cuGraph 23.02 [36].

Performance metrics. For graph sampling, we measure the
sampling time for an epoch (called sampling time afterwards),
which goes through all the frontier nodes in a graph once
in mini-batches. For the 7 graph sampling algorithms, their
hyper-parameters (number of layers, batch size and fanout)
follow the author code of their original papers and examples
released by well-known graph learning frameworks (i.e.,
DGL and PyG). We run 6 epochs for each configuration (i.e.,
system and algorithm) and report the average sampling time
of the last 5 epochs, leaving the first epoch for warm-up.
We do not report deviations in sampling time since they are
within 1% across epochs.

5.2 Main Result: Sampling Time Comparison

We compare the sampling time of our gSampler with the
baseline systems for the 3 simple graph sampling algorithms
in Figure 7 and the 4 more complex graph sampling algo-
rithms in Figure 8. For Figure 7, cuGraph cannot finish load-
ing the PP graph in 10 hours. GunRock only implements
GraphSAGE and cannot handle the large PP and FS graphs
because it cannot use UVA. PyG can only run DeepWalk on
GPU and does not support UVA. DGL has no GPU imple-
mentation for Node2Vec. For Figure 8, cuGraph, GunRock,
and Skywalker do not support the complex graph sampling
algorithms due to their vertex-centric APIs. PyG also has no
GPU support for the complex algorithms and only provides
CPU implementation for ShaDow. DGL does not have native
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implementations for LADIES, AS-GCN, PASS, and ShaDow.
For a fair comparison, since DGL is the best-performing
baseline, we have made our best efforts to manually develop
missing DGL implementations with optimizations. When
using CPU, DGL cannot complete sampling in 10 hours for

LADIES, AS-GCN, and PASS on the large PP and FS graphs.
The large number of missing results and timeouts in Figure 7
and Figure 8 show the limited generality of existing systems.
In fact, gSampler is the only system capable of running all 7
graph sampling algorithms on a GPU.
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Table 7. The speedup of gSampler over the best performing
baseline for each graph and algorithm.

Algorithm LJ PD PP FS
GraphSAGE 15.80 9.53 1.62 256
DeepWalk 646 627 1.66 1.14
Node2Vec 32.67 28.94 227 1.83
LADIES 2231 391 388 1131
AS-GCN 248 192 1.83 3.57
PASS 2.20 1.77 213  2.29
ShaDow 638 1.26 3.68 1.49

Figure 7 and Figure 8 show that our gSampler consistently
outperforms all baselines across all sampling algorithms and
datasets, suggesting that the optimizations of gSampler are
general. In Table 7, we report the speedup of gSampler over
the best-performing baseline for each case (i.e., graph and
sampling algorithm). The results show that the speedup of
gSampler is up to 32.67x and over 2x for 19 out of the 28
cases, and the average speedup is 6.54x. We also observe
that graph sampling runs much faster on GPU than on CPU
even when the large graphs are stored on CPU memory. For
example, for GraphSAGE on the PP graph, gSampler and
SkyWalker (on GPU) speed up PyG (on CPU) by 702x and
433x, respectively.

Figure 7 shows that for the 3 simple graph sampling al-
gorithms, SkyWalker usually performs the best among the
baselines. The speedup of gSampler over SkyWalker is more
significant for the two small graphs than the two large graphs
because accessing the large graphs via UVA becomes a bottle-
neck. gSampler also achieves larger speedup over SkyWalker
for GraphSAGE than DeepWalk and Node2Vec. This is be-
cause GraphSAGE samples multiple neighbors for each fron-
tier node while DeepWalk and Node2Vec are random walks
and sample only 1 frontier node, and the heavier workload of
GraphSAGE leaves more room for improvement. When PyG,
DGL, and GunRock can run on GPU, they usually match or
even outperform SkyWalker. However, cuGraph runs much
slower than the other systems on GPU because it is inefficient
for the mini-batch sampling of graph learning [9].

For the 4 complex sampling algorithms, Figure 8 shows
that both DGL and gSampler run much faster than the CPU
baselines. gSampler generally has larger speedup over DGL
for LADIES than AS-GCN, PASS, and ShaDow because the
later 3 algorithms have heavier tensor computation, which
is well-optimized in DGL. Compared with the other datasets,
gSampler usually has smaller speedup over DGL for the PD
graph. This is because PD has the largest average degree,
which results in heavier computation.

Speedups on large-scale graphs. In Figure 7 and Figure 8,
for large-scale graphs like PP and FS, gSampler shows signif-
icant improvements even when the graph is stored in CPU
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Figure 9. The sampling time on T4 GPU

memory and accessed through UVA. The reasons are two-
folded. First, all steps of graph sampling except Extract run
on the GPU, which benefit from the high memory bandwidth
and compute parallelism of GPU. Second, graph sampling
has skewed access to the nodes [27], and thus adjacency
lists of the popular nodes are likely to be cached in the GPU,
which reduces PCI-e traffic. Additionally, the improvements
can be amplified when gSampler is combined with existing
graph structure caching solutions [39, 63]. We leave this in
the future work.

Results on T4. We use GraphSAGE and LADIES as repre-
sentatives of simple and complex graph sampling algorithms,
respectively, and experiment them on T4 GPU to explore the
influence of hardware. Note that the memory bandwidth and
FLOPS of T4 are 30.0% and 51.6% of V100, respectively. The
results in Figure 9 show that gSampler again achieves consis-
tently shorter sampling time than DGL. For GraphSAGE, the
speedup over DGL is up to 26x, and the average speedup is
8.9x for the 4 graphs. For LADIES, the average speedup over
DGL is 5x. Compared with V100, the speedup of gSampler
over DGL on T4 is generally smaller because T4 has smaller
memory bandwidth and FLOPS than V100.

5.3 End-to-end Results for graph learning tasks

In Table 8, we report the end-to-end time and model accuracy
for training GraphSAGE and LADIES on the PD graph when
the model accuracy converges, i.e., accuracy stabilizes after
training for a large number of epochs. Note that PyG does
not support LADIES. The results show that gSampler yields
almost the same convergence accuracy as DGL and PyG.
This is because gSampler executes the same graph sampling
logic as the baselines, and the small differences are caused
by random initialization. Table 8 also shows that the more
efficient graph sampling of gSampler reduces the end-to-end
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Table 8. End-to-end performance for Graph Learning Tasks

Algorithm  System Time (s) Accuracy (%)
gSampler  226.21 90.48
GraphSAGE DGL 322.89 90.35
PyG 13082.45 90.44
gSampler  450.89 89.38
LADIES DGL 808.94 89.39

model training time of DGL by 30.0% and 44.3% for Graph-
SAGE and LADIES, respectively. The large time reduction
is because graph sampling takes up a significant portion of
model training cost (45.8% for GraphSAGE and 70.1% for
LADIES on DGL, see Table 1).

5.4 Breakdown Analysis

In Figure 10, we run GraphSAGE and LADIES on the PD
and PP graphs to validate the effectiveness of our optimiza-
tions, i.e., computation optimization, data layout selection,
and super-batch sampling. For the configurations without
data layout selection, we greedily select the optimal sparse
format for each operator without considering the conversion
overheads, similar to the approach used in DGL.
Plain implementation. For GraphSAGE, gSampler w/o any
optimization (denoted as ’P’) is even better than DGL due to
the more efficient operator implementation. Unlike this, for
LADIES, gSampler outperforms DGL for PD graph but falls
behind for PP graph. This is because the presence of more
isolated nodes in PP graph hurts the performance.
Computation optimizations. gSampler’s computation op-
timizations reduce sampling time by over 50% for both graphs,
when training GraphSAGE. This is mainly because the Extract-
Select fusion can reduce half of the GPU memory footprint
by conducting extract and select in one pass. For LADIES,
Edge-MapReduce fusion is the major computation optimiza-
tion, which fuses the edge-map divide and column-wise reduce
operators. The gain is limited because the two operators act
on the sampled subgraph, which is already small.
Data layout selection is more effective for LADIES than
GraphSAGE because LADIES involves more diverse com-
pute and select operators, which prefer different data for-
mats and thus require to balance operator efficiency and
format conversion/compaction overhead. In contrast, gSam-
pler chooses the same formats as the greedy strategy for
GraphSAGE because this model only involves two opera-
tors (i.e., A[;,columns] and A.individual_sample(K, probs)),
and they both prefer CSC. Moreover, for LADIES, the PP
graph observes larger speedup than the PD graph because
PP has more nodes than PD, which leads to higher format
conversion overhead.

The DGL baseline uses the most efficient graph format for
each operator and greedily converts CSC whenever required.
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Figure 10. Speedups of the optimizations in gSampler on
PD and PP graphs, normalized to DGL. P denotes plain exe-
cution without any optimization, C stands for computation
optimizations, D means data layout optimizations, and B is
super-batch sampling.

Table 9. GPU resource consumption comparison between
gSampler and DGL for four complex sampling algorithms
in Figure 8 on the PD graph. "Memory" refers to extra GPU
memory usage, while "SM" indicates the utilization of stream-
ing multiprocessors.

Algorithm System Memory (GB) SM (%)

LADIES gsgrgfiler (1)5152 ?71:421
AS-GCN gs;‘gfiler 8:;)471 22(1)

S
ShaDow gsggi ler ;gz 222

In contrast, gSampler jointly considers conversion overhead
and operator efficiency (i.e., the overall sampling perfor-
mance) to make format selection/compaction decisions. The
case for LADIES on PP in Figure 10 shows that gSampler’s
cost-aware approach outperforms the greedy counterpart
(i.e., the variants without ‘D’).

Super-batch sampling. For GraphSAGE, we observe that
super-batch sampling is more effective for the PD graph than
the PP because PP is stored in CPU memory and PCle access
becomes the bottleneck. Furthermore, this optimization gen-
erally leads to higher improvements for layer-wise sampling
(e.g., LADIES) than node-wise sampling (e.g., GraphSAGE)
because layer-wise sampling samples fewer neighbors in
each layer, leading to lighter workload and lower GPU uti-
lization.

5.5 Resource Consumption

Table 9 reports the GPU resource consumption by four com-
plex sampling algorithms on the PD graph. We compare
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gSampler with DGL. gSampler exhibits higher GPU compute
resource utilization, i.e., 1.62-2.52x of DGL, due to its holistic
optimizations. This is consistent with the sampling speedups
observed in Figure 8. Specifically, for LADIES and ShaDow,
gSampler can effectively utilize 94.2% and 98.0% of GPU
streaming processors, thanks to the super-batch sampling.

In addition, for most of cases, gSampler significantly re-
duces the extra GPU memory usage, compared to DGL. For
instance, in cases of AS-GCN, PASS, and ShaDow, gSampler’s
memory usage is only 5.6-73.0% of that of DGL. Among the
three algorithms, PASS with gSampler observes the least
GPU memory usage, mostly because of the data layout op-
timization, which eliminates unnecessary formats and iso-
lated nodes with their features. Unlike them, LADIES with
gSampler demands an additional 1.64 GB memory than DGL.
This is because extra space is required to store intermediate
results of super-batch sampling. However, this amount of
memory overhead is acceptable as it leads to an 77% increase
in GPU compute resource consumption.

6 Related Work

Graph learning. There are two major classes of graph learn-
ing models, i.e., graph embedding [3, 14, 31, 60, 61] and
graph neural networks (GNNs) [15, 22, 23, 42]. Graph em-
bedding learns an embedding vector for each node in the
graph and encourages proximal nodes to have similar embed-
ding. To construct training samples, graph embedding uses
various random walks, e.g., DeepWalk [31], Node2vec [14],
Meta-path [8], and personalized PageRank (PPR) [44]. GNNs
stack multiple graph convolution layers, where each node
aggregates embedding from its neighbors and applies neural
network models to obtain its embedding [64]. Many algo-
rithms are designed to construct graph samples for GNN
training, e.g., GraphSAGE [15], FastGCN [4], AS-GCN [18],
and LADIES [65], which we have discussed in Section 2.

CPU-based graph sampling. Due to the importance of
graph sampling, several systems are developed for CPU exe-
cution. In particular, KnightKing [20] adopts a walker-centric
computation model for distributed random walks and uses
rejection sampling to improve computation efficiency. Flash-
Mob [55] observes that CPU cache miss in the major bot-
tleneck for random walk and proposes optimizations to im-
prove cache hit. ThunderRW [40] decomposes random walk
into gather-move-update steps and interleaves the 3 steps to
hide cache miss. ForkGraph [26] slices the graph into par-
titions that fit in CPU cache and shares the cache-resident
partition among many random walks for cache efficiency.
GraphWalker [48] stores large graphs on SSD and reduces
disk access cost by scheduling graph partition loading. These
works mainly consider random walks but graph sampling al-
gorithms can be more diverse and complex. Moreover, graph
sampling runs significantly slower on CPU than on GPU,
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and thus CPU-based graph sampling can easily become the
bottleneck of graph learning [19].

GPU-based graph sampling. To execute graph sampling
efficiently on GPU, Nextdoor proposes transit parallelism
to share data access among different samples [19]. C-SAW
adopts techniques like warp-centric parallelism to avoid
thread divergence [30]. Skywalker implements an efficient
alias sampling algorithm for GPU [47]. GPU-based graph
processing systems, e.g., GunRock [49] and cuGraph [36],
can also be utilized to conduct graph graph sampling. These
systems adopt a vertex-centric model and do not support
tensor operations, which render them unsuitable for graph
sampling algorithms that require subgraph operations and
complex computation. Moreover, they usually optimize a sin-
gle operator and lack holistic optimizations from the entire
graph sampling process. As graph learning systems, DGL [7]
and PyG [33] implement and optimize the graph sampling
algorithms case by case using their fine-grained message
passing APIs, which takes substantial engineering effort and
does not generalize for new algorithms. We propose matrix-
centric APIs that is tailored for graph sampling algorithms
and allows succinct implementations. We also optimize the
entire graph sampling process with designs including in-
termediate representation, kernel fusion, and super-batch
sampling.

7 Conclusions and Future Directions

This paper presents gSampler, a framework improves the
generality and efficiency of GPU-based graph sampling to
support graph learning. gSampler incorporates a set of ex-
pressive and user-friendly matrix-centric APIs, and a suite
of optimizations for the efficient execution of graph sam-
pling on GPU, which include intermediate representation,
kernel fusion, data layout selection, and super-batch sam-
pling. Experimental results demonstrate the easy-to-program
and superior performance advantages over state-of-the-art
baselines.

Promising future directions include: (1) exploit the skewed
access of graph data to design smart caching strategies that
improve efficiency for large graphs and (2) jointly utilize
multiple GPUs on a machine to conduct graph sampling.

Acknowledgments

We thank the anonymous reviewers, as well as our shepherd,
Thomas Pasquier, for his guidance during the preparation
of our camera-ready version. This work is supported in part
by the National Natural Science Foundation of China under
Grant No.: 62141216, 62172382 and 61832011, the Univer-
sity Synergy Innovation Program of Anhui Province un-
der Grant No.: GXXT-2022-045, and the Guangdong Basic
and Applied Basic Research Foundation under Grant No.:
2021A1515110067 and 2023A1515010244. This work is also
supported by our sponsor AWS Shanghai Al Lab.



gSampler: General and Efficient GPU-based Graph Sampling for Graph Learning

References
[1] Alfred V. Aho, Ravi Sethi, and Jeffrey D. Ullman. 1986. Compilers: Prin-

=

ciples, Techniques, and Tools. Addison-Wesley. https://www.worldcat.
org/oclc/12285707

AWS. 2023. Amazon EC2 P3 instance. https://aws.amazon.com/cn/
ec2/instance-types/p3. [Online; accessed September-2023].
Hongyun Cai, Vincent W. Zheng, and Kevin Chen-Chuan Chang. 2018.
A Comprehensive Survey of Graph Embedding: Problems, Techniques,
and Applications. IEEE Trans. Knowl. Data Eng. 30, 9 (2018), 1616-1637.
https://doi.org/10.1109/TKDE.2018.2807452

[4] Jie Chen, Tengfei Ma, and Cao Xiao. 2018. FastGCN: Fast Learning

5

[10

(11

[12

[13

[14

[15

]

—

[t —

—

[t

—

—

]

=

[

with Graph Convolutional Networks via Importance Sampling. In 6th
International Conference on Learning Representations, ICLR 2018, Van-
couver, BC, Canada, April 30 - May 3, 2018, Conference Track Proceedings.
OpenReview.net. https://openreview.net/forum?id=rytstxWAW
Jianfei Chen, Jun Zhu, and Le Song. 2018. Stochastic Training of Graph
Convolutional Networks with Variance Reduction. In Proceedings of
the 35th International Conference on Machine Learning, ICML 2018,
Stockholmsmdssan, Stockholm, Sweden, July 10-15, 2018 (Proceedings of
Machine Learning Research, Vol. 80), Jennifer G. Dy and Andreas Krause
(Eds.). PMLR, 941-949. http://proceedings.mlr.press/v80/chen18p.html
Tiangi Chen, Thierry Moreau, Ziheng Jiang, Lianmin Zheng, Eddie
Yan, Haichen Shen, Meghan Cowan, Leyuan Wang, Yuwei Hu, Luis
Ceze, Carlos Guestrin, and Arvind Krishnamurthy. 2018. TVM: An
Automated End-to-End Optimizing Compiler for Deep Learning. In
13th USENIX Symposium on Operating Systems Design and Imple-
mentation (OSDI 18). USENIX Association, Carlsbad, CA, 578—-594.
https://www.usenix.org/conference/osdi18/presentation/chen

DGL. 2023. Deep Graph library. https://www.dgl.ai. [Online; accessed
September-2023].

Yuxiao Dong, Nitesh V. Chawla, and Ananthram Swami. 2017. Meta-
path2vec: Scalable Representation Learning for Heterogeneous Net-
works. In Proceedings of the 23rd ACM SIGKDD International Confer-
ence on Knowledge Discovery and Data Mining (Halifax, NS, Canada)
(KDD ’17). Association for Computing Machinery, New York, NY, USA,
135-144. https://doi.org/10.1145/3097983.3098036

Joe Eaton. 2022. GPU ACCLERATED GRAPH ANALYTICS AND GNN
ON HUGE DATASETS. https://salishan.ahsc-nm.org/uploads/4/9/7/
0/49704495/2022-eaton.pdf

Fuli Feng, Xiangnan He, Xiang Wang, Cheng Luo, Yiqun Liu, and Tat-
Seng Chua. 2019. Temporal Relational Ranking for Stock Prediction.
ACM Trans. Inf. Syst. 37, 2 (2019), 27:1-27:30. https://doi.org/10.1145/
3309547

Matthias Fey and Jan Eric Lenssen. 2019. Fast Graph Representa-
tion Learning with PyTorch Geometric. CoRR abs/1903.02428 (2019).
arXiv:1903.02428 http://arxiv.org/abs/1903.02428

Jan Fousek, Jiri Filipovic, and Matus Madzin. 2011. Automatic fusions
of CUDA-GPU kernels for parallel map. SIGARCH Comput. Archit.
News 39, 4 (2011), 98-99. https://doi.org/10.1145/2082156.2082183
Laura Garton, Caroline Haythornthwaite, and Barry Wellman. 1997.
Studying Online Social Networks. 7. Comput. Mediat. Commun. 3, 1
(1997), 0. https://doi.org/10.1111/j.1083-6101.1997.tb00062.x

Aditya Grover and Jure Leskovec. 2016. Node2vec: Scalable Feature
Learning for Networks. In Proceedings of the 22nd ACM SIGKDD In-
ternational Conference on Knowledge Discovery and Data Mining (San
Francisco, California, USA) (KDD °’16). Association for Computing
Machinery, New York, NY, USA, 855-864. https://doi.org/10.1145/
2939672.2939754

William L. Hamilton, Zhitao Ying, and Jure Leskovec. 2017. Induc-
tive Representation Learning on Large Graphs. In Advances in Neural
Information Processing Systems 30: Annual Conference on Neural Infor-
mation Processing Systems 2017, December 4-9, 2017, Long Beach, CA,
USA, Isabelle Guyon, Ulrike von Luxburg, Samy Bengio, Hanna M.
Wallach, Rob Fergus, S. V. N. Vishwanathan, and Roman Garnett

576

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

SOSP °23, October 23-26, 2023, Koblenz, Germany

(Eds.). 1024-1034. https://proceedings.neurips.cc/paper/2017/hash/
5dd9db5e033da9c6fb5ba83c7a7ebead- Abstract.html

Weihua Hu, Matthias Fey, Marinka Zitnik, Yuxiao Dong, Hongyu Ren,
Bowen Liu, Michele Catasta, and Jure Leskovec. 2020. Open Graph
Benchmark: Datasets for Machine Learning on Graphs. arXiv preprint
arXiv:2005.00687 (2020).

Guyue Huang, Guohao Dai, Yu Wang, and Huazhong Yang. 2020.
GE-SpMM: general-purpose sparse matrix-matrix multiplication on
GPUs for graph neural networks. In Proceedings of the International
Conference for High Performance Computing, Networking, Storage and
Analysis, SC 2020, Virtual Event / Atlanta, Georgia, USA, November 9-19,
2020, Christine Cuicchi, Irene Qualters, and William T. Kramer (Eds.).
IEEE/ACM, 72. https://doi.org/10.1109/SC41405.2020.00076
Wenbing Huang, Tong Zhang, Yu Rong, and Junzhou Huang. 2018.
Adaptive Sampling towards Fast Graph Representation Learning. In
Proceedings of the 32nd International Conference on Neural Information
Processing Systems (Montréal, Canada) (NeurIPS’18). Curran Associates
Inc., Red Hook, NY, USA, 4563-4572.

Abhinav Jangda, Sandeep Polisetty, Arjun Guha, and Marco Serafini.
2021. Accelerating Graph Sampling for Graph Machine Learning Using
GPUs. In Proceedings of the Sixteenth European Conference on Computer
Systems (Online Event, United Kingdom) (EuroSys "21). Association
for Computing Machinery, New York, NY, USA, 311-326. https://doi.
org/10.1145/3447786.3456244

Brian W Kernighan and Shen Lin. 1970. An efficient heuristic proce-
dure for partitioning graphs. Bell system technical journal 49, 2 (1970),
291-307.

Nitish Shirish Keskar, Dheevatsa Mudigere, Jorge Nocedal, Mikhail
Smelyanskiy, and Ping Tak Peter Tang. 2017. On Large-Batch Training
for Deep Learning: Generalization Gap and Sharp Minima. In 5th
International Conference on Learning Representations, ICLR 2017, Toulon,
France, April 24-26, 2017, Conference Track Proceedings. OpenReview.net.
https://openreview.net/forum?id=H1oyRIYgg

Thomas N. Kipf and Max Welling. 2016. Variational Graph Auto-
Encoders. CoRR abs/1611.07308 (2016). arXiv:1611.07308 http://arxiv.
org/abs/1611.07308

Thomas N. Kipf and Max Welling. 2017. Semi-Supervised Classification
with Graph Convolutional Networks. In 5th International Conference
on Learning Representations, ICLR 2017, Toulon, France, April 24-26, 2017,
Conference Track Proceedings. OpenReview.net. https://openreview.
net/forum?id=SJU4ayYgl

Ziqi Liu, Chaochao Chen, Xinxing Yang, Jun Zhou, Xiaolong Li, and
Le Song. 2020. Heterogeneous Graph Neural Networks for Malicious
Account Detection. CoRR abs/2002.12307 (2020). arXiv:2002.12307
https://arxiv.org/abs/2002.12307

Ziqi Liu, Zhengwei Wu, Zhigiang Zhang, Jun Zhou, Shuang Yang, Le
Song, and Yuan Qi. 2020. Bandit Samplers for Training Graph Neural
Networks. In Proceedings of the 34th International Conference on Neural
Information Processing Systems (Vancouver, BC, Canada) (NeurIPS’20).
Curran Associates Inc., Red Hook, NY, USA, Article 577, 11 pages.
Shengliang Lu, Shixuan Sun, Johns Paul, Yuchen Li, and Bingsheng He.
2021. Cache-Efficient Fork-Processing Patterns on Large Graphs. In
SIGMOD °21: International Conference on Management of Data, Virtual
Event, China, June 20-25, 2021, Guoliang Li, Zhanhuai Li, Stratos Idreos,
and Divesh Srivastava (Eds.). ACM, 1208-1221. https://doi.org/10.1145/
3448016.3457253

Seung Won Min, Kun Wu, Mert Hidayetoglu, Jinjun Xiong, Xiang Song,
and Wen-mei Hwu. 2022. Graph Neural Network Training and Data
Tiering. In Proceedings of the 28th ACM SIGKDD Conference on Knowl-
edge Discovery and Data Mining (Washington DC, USA) (KDD °22).
Association for Computing Machinery, New York, NY, USA, 3555-3565.
https://doi.org/10.1145/3534678.3539038

NVIDIA. 2023. CUDA Toolkit. https://developer.nvidia.com/cuda-
toolkit. [Online; accessed September-2023].


https://www.worldcat.org/oclc/12285707
https://www.worldcat.org/oclc/12285707
https://aws.amazon.com/cn/ec2/instance-types/p3
https://aws.amazon.com/cn/ec2/instance-types/p3
https://doi.org/10.1109/TKDE.2018.2807452
https://openreview.net/forum?id=rytstxWAW
http://proceedings.mlr.press/v80/chen18p.html
https://www.usenix.org/conference/osdi18/presentation/chen
https://www.dgl.ai
https://doi.org/10.1145/3097983.3098036
https://salishan.ahsc-nm.org/uploads/4/9/7/0/49704495/2022-eaton.pdf
https://salishan.ahsc-nm.org/uploads/4/9/7/0/49704495/2022-eaton.pdf
https://doi.org/10.1145/3309547
https://doi.org/10.1145/3309547
https://arxiv.org/abs/1903.02428
http://arxiv.org/abs/1903.02428
https://doi.org/10.1145/2082156.2082183
https://doi.org/10.1111/j.1083-6101.1997.tb00062.x
https://doi.org/10.1145/2939672.2939754
https://doi.org/10.1145/2939672.2939754
https://proceedings.neurips.cc/paper/2017/hash/5dd9db5e033da9c6fb5ba83c7a7ebea9-Abstract.html
https://proceedings.neurips.cc/paper/2017/hash/5dd9db5e033da9c6fb5ba83c7a7ebea9-Abstract.html
https://doi.org/10.1109/SC41405.2020.00076
https://doi.org/10.1145/3447786.3456244
https://doi.org/10.1145/3447786.3456244
https://openreview.net/forum?id=H1oyRlYgg
https://arxiv.org/abs/1611.07308
http://arxiv.org/abs/1611.07308
http://arxiv.org/abs/1611.07308
https://openreview.net/forum?id=SJU4ayYgl
https://openreview.net/forum?id=SJU4ayYgl
https://arxiv.org/abs/2002.12307
https://arxiv.org/abs/2002.12307
https://doi.org/10.1145/3448016.3457253
https://doi.org/10.1145/3448016.3457253
https://doi.org/10.1145/3534678.3539038
https://developer.nvidia.com/cuda-toolkit
https://developer.nvidia.com/cuda-toolkit

SOSP 23, October 23-26, 2023, Koblenz, Germany

[t

—

—_ = = =

—

—

—

—

—

—

[29] NVIDIA Corporation. 2023. Unified Addressing. https://docs.nvidia.

com/cuda/cuda-driver-api/group__CUDA__UNIFIED.html. accessed,
Feb-2023.

Santosh Pandey, Lingda Li, Adolfy Hoisie, Xiaoye S. Li, and Hang
Liu. 2020. C-SAW: a framework for graph sampling and random
walk on GPUs. In Proceedings of the International Conference for High
Performance Computing, Networking, Storage and Analysis, SC 2020,
Virtual Event / Atlanta, Georgia, USA, November 9-19, 2020, Christine
Cuicchi, Irene Qualters, and William T. Kramer (Eds.). [EEE/ACM, 56.
https://doi.org/10.1109/SC41405.2020.00060

Bryan Perozzi, Rami Al-Rfou, and Steven Skiena. 2014. DeepWalk:
online learning of social representations. In The 20th ACM SIGKDD
International Conference on Knowledge Discovery & Data Mining, KDD
’14, New York, NY, USA - August 24 - 27, 2014, Sofus A. Macskassy,
Claudia Perlich, Jure Leskovec, Wei Wang, and Rayid Ghani (Eds.).
ACM, 701-710. https://doi.org/10.1145/2623330.2623732

Martin Popel and Ondrej Bojar. 2018. Training Tips for the Transformer
Model. Prague Bull. Math. Linguistics 110 (2018), 43-70. http://ufal.
mff.cuni.cz/pbml/110/art-popel-bojar.pdf

PyG. 2023. PyTorch Geometric. https://www.pyg.org. [Online; ac-
cessed September-2023].

Pytorch. 2023. Pytorch FX. https://pytorch.org/docs/stable/fx.html.
accessed, April-2023.

PyTorch. 2023. PyTroch. https://pytorch.org. [Online; accessed
September-2023].

RAPIDS. 2023. cuGraph. https://github.com/rapidsai/cugraph. [On-
line; accessed September-2023].

Sungmin Rhee, Seokjun Seo, and Sun Kim. 2018. Hybrid Approach
of Relation Network and Localized Graph Convolutional Filtering for
Breast Cancer Subtype Classification. In Proceedings of the Twenty-
Seventh International Joint Conference on Artificial Intelligence, IJCAI-18.
International Joint Conferences on Artificial Intelligence Organization,
3527-3534. https://doi.org/10.24963/ijcai.2018/490

SNAP. 2023. Stanford large Network Dataset Collection. https://snap.
stanford.edu/data/index.html. [Online; accessed September-2023].
Jie Sun, Li Su, Zuocheng Shi, Wenting Shen, Zeke Wang, Lei Wang,
Jie Zhang, Yong Li, Wenyuan Yu, Jingren Zhou, and Fei Wu. 2023.
Legion: Automatically Pushing the Envelope of Multi-GPU System
for Billion-Scale GNN Training. In 2023 USENLX Annual Technical
Conference (USENIX ATC 23). USENIX Association, Boston, MA, 165—
179. https://www.usenix.org/conference/atc23/presentation/sun
Shixuan Sun, Yuhang Chen, Shengliang Lu, Bingsheng He, and Yuchen
Li. 2021. ThunderRW: An In-Memory Graph Random Walk Engine.
Proc. VLDB Endow. 14, 11 (2021), 1992-2005. https://doi.org/10.14778/
3476249.3476257

TensorFlow. 2021. TensorFlow XLA. https://www.tensorflow.org/xla.
accessed, April-2023.

Petar Velickovi¢, Guillem Cucurull, Arantxa Casanova, Adriana
Romero, Pietro Lio, and Yoshua Bengio. 2018. Graph Attention Net-
works. In International Conference on Learning Representations (ICLR).
Christian Von Mering, Roland Krause, Berend Snel, Michael Cornell,
Stephen G Oliver, Stanley Fields, and Peer Bork. 2002. Comparative
assessment of large-scale data sets of protein—protein interactions.
Nature 417, 6887 (2002), 399-403.

Hanzhi Wang, Zhewei Wei, Junhao Gan, Sibo Wang, and Zengfeng
Huang. 2020. Personalized PageRank to a Target Node, Revisited. In
Proceedings of the 26th ACM SIGKDD International Conference on Knowl-
edge Discovery & Data Mining (Virtual Event, CA, USA) (KDD °20).
Association for Computing Machinery, New York, NY, USA, 657-667.
https://doi.org/10.1145/3394486.3403108

Jizhe Wang, Pipei Huang, Huan Zhao, Zhibo Zhang, Binqiang Zhao,
and Dik Lun Lee. 2018. Billion-Scale Commodity Embedding for E-
Commerce Recommendation in Alibaba. In Proceedings of the 24th
ACM SIGKDD International Conference on Knowledge Discovery and

Ping Gong, Renjie Liu, Zunyao Mao, Zhenkun Cai, Xiao Yan, Cheng Li, Minjie Wang, Zhuozhao Li

Data Mining (London, United Kingdom) (KDD ’18). Association for
Computing Machinery, New York, NY, USA, 839-848. https://doi.org/
10.1145/3219819.3219869

Minjie Wang, Lingfan Yu, Da Zheng, Quan Gan, Yu Gai, Zihao Ye,
Mufei Li, Jinjing Zhou, Qi Huang, Chao Ma, Ziyue Huang, Qipeng Guo,
Hao Zhang, Haibin Lin, Junbo Zhao, Jinyang Li, Alexander J Smola,
and Zheng Zhang. 2019. Deep Graph Library: Towards Efficient and
Scalable Deep Learning on Graphs. In Proceedings of the ICLR Workshop
on Representation Learning on Graphs and Manifolds.

Pengyu Wang, Chao Li, Jing Wang, Taolei Wang, Lu Zhang, Jing-
wen Leng, Quan Chen, and Minyi Guo. 2021. Skywalker: Efficient
Alias-Method-Based Graph Sampling and Random Walk on GPUs.
In 30th International Conference on Parallel Architectures and Com-
pilation Techniques, PACT 2021, Atlanta, GA, USA, September 26-29,
2021, Jaejin Lee and Albert Cohen (Eds.). [EEE, 304-317.  https:
//doi.org/10.1109/PACT52795.2021.00029

Rui Wang, Yongkun Li, Hong Xie, Yinlong Xu, and John C. S. Lui.
2020. GraphWalker: An I/O-Efficient and Resource-Friendly Graph
Analytic System for Fast and Scalable Random Walks. In 2020 USENIX
Annual Technical Conference, USENIX ATC 2020, July 15-17, 2020, Ada
Gavrilovska and Erez Zadok (Eds.). USENIX Association, 559-571.
https://www.usenix.org/conference/atc20/presentation/wang-rui
Yangzihao Wang, Andrew Davidson, Yuechao Pan, Yuduo Wu, Andy
Riffel, and John D. Owens. 2016. Gunrock: A High-Performance
Graph Processing Library on the GPU. In Proceedings of the 21st
ACM SIGPLAN Symposium on Principles and Practice of Parallel Pro-
gramming (Barcelona, Spain) (PPoPP ’16). Association for Comput-
ing Machinery, New York, NY, USA, Article 11, 12 pages. https:
//doi.org/10.1145/2851141.2851145

Mark Weber, Giacomo Domeniconi, Jie Chen, Daniel Karl I. Weidele,
Claudio Bellei, Tom Robinson, and Charles E. Leiserson. 2019. Anti-
Money Laundering in Bitcoin: Experimenting with Graph Convolu-
tional Networks for Financial Forensics. CoRR abs/1908.02591 (2019).
arXiv:1908.02591 http://arxiv.org/abs/1908.02591

Wikipedia. 2023. Sparse matrix. https://en.wikipedia.org/wiki/Sparse_
matrix. accessed, April-2023.

Yidi Wu, Kaihao Ma, Zhenkun Cai, Tatiana Jin, Boyang Li, Chenguang
Zheng, James Cheng, and Fan Yu. 2021. Seastar: Vertex-Centric Pro-
gramming for Graph Neural Networks. In Proceedings of the Sixteenth
European Conference on Computer Systems (Online Event, United King-
dom) (EuroSys °21). Association for Computing Machinery, New York,
NY, USA, 359-375. https://doi.org/10.1145/3447786.3456247
Zhigiang Xie, Minjie Wang, Zihao Ye, Zheng Zhang, and Rui
Fan. 2022. Graphiler: Optimizing Graph Neural Networks with
Message Passing Data Flow Graph. In Proceedings of Machine
Learning and Systems, D. Marculescu, Y. Chi, and C. Wu (Eds.),
Vol. 4. 515-528. https://proceedings.mlsys.org/paper/2022/file/
a87ff679a2f3e71d9181a67b7542122¢c-Paper.pdf

Hongfei Xu, Josef van Genabith, Deyi Xiong, and Qiuhui Liu. 2020.
Dynamically Adjusting Transformer Batch Size by Monitoring Gra-
dient Direction Change. In Proceedings of the 58th Annual Meeting
of the Association for Computational Linguistics, ACL 2020, Online,
July 5-10, 2020, Dan Jurafsky, Joyce Chai, Natalie Schluter, and Joel R.
Tetreault (Eds.). Association for Computational Linguistics, 3519-3524.
https://doi.org/10.18653/v1/2020.acl-main.323

Ke Yang, Xiaosong Ma, Saravanan Thirumuruganathan, Kang Chen,
and Yongwei Wu. 2021. Random Walks on Huge Graphs at Cache
Efficiency. In SOSP °21: ACM SIGOPS 28th Symposium on Operating
Systems Principles, Virtual Event / Koblenz, Germany, October 26-29,
2021, Robbert van Renesse and Nickolai Zeldovich (Eds.). ACM, 311-
326. https://doi.org/10.1145/3477132.3483575

Rex Ying, Ruining He, Kaifeng Chen, Pong Eksombatchai, William L.
Hamilton, and Jure Leskovec. 2018. Graph Convolutional Neural
Networks for Web-Scale Recommender Systems. In Proceedings of the


https://docs.nvidia.com/cuda/cuda-driver-api/group__CUDA__UNIFIED.html
https://docs.nvidia.com/cuda/cuda-driver-api/group__CUDA__UNIFIED.html
https://doi.org/10.1109/SC41405.2020.00060
https://doi.org/10.1145/2623330.2623732
http://ufal.mff.cuni.cz/pbml/110/art-popel-bojar.pdf
http://ufal.mff.cuni.cz/pbml/110/art-popel-bojar.pdf
https://www.pyg.org
https://pytorch.org/docs/stable/fx.html
https://pytorch.org
https://github.com/rapidsai/cugraph
https://doi.org/10.24963/ijcai.2018/490
https://snap.stanford.edu/data/index.html
https://snap.stanford.edu/data/index.html
https://www.usenix.org/conference/atc23/presentation/sun
https://doi.org/10.14778/3476249.3476257
https://doi.org/10.14778/3476249.3476257
https://www.tensorflow.org/xla
https://doi.org/10.1145/3394486.3403108
https://doi.org/10.1145/3219819.3219869
https://doi.org/10.1145/3219819.3219869
https://doi.org/10.1109/PACT52795.2021.00029
https://doi.org/10.1109/PACT52795.2021.00029
https://www.usenix.org/conference/atc20/presentation/wang-rui
https://doi.org/10.1145/2851141.2851145
https://doi.org/10.1145/2851141.2851145
https://arxiv.org/abs/1908.02591
http://arxiv.org/abs/1908.02591
https://en.wikipedia.org/wiki/Sparse_matrix
https://en.wikipedia.org/wiki/Sparse_matrix
https://doi.org/10.1145/3447786.3456247
https://proceedings.mlsys.org/paper/2022/file/a87ff679a2f3e71d9181a67b7542122c-Paper.pdf
https://proceedings.mlsys.org/paper/2022/file/a87ff679a2f3e71d9181a67b7542122c-Paper.pdf
https://doi.org/10.18653/v1/2020.acl-main.323
https://doi.org/10.1145/3477132.3483575

gSampler: General and Efficient GPU-based Graph Sampling for Graph Learning

(57]

(58]

(59]

(60]

24th ACM SIGKDD International Conference on Knowledge Discovery &
Data Mining, KDD 2018, London, UK, August 19-23, 2018, Yike Guo and
Faisal Farooq (Eds.). ACM, 974-983. https://doi.org/10.1145/3219819.
3219890

Minji Yoon, Théophile Gervet, Baoxu Shi, Sufeng Niu, Qi He, and Jae-
won Yang. 2021. Performance-Adaptive Sampling Strategy Towards
Fast and Accurate Graph Neural Networks. In KDD °21: The 27th ACM
SIGKDD Conference on Knowledge Discovery and Data Mining, Vir-
tual Event, Singapore, August 14-18, 2021, Feida Zhu, Beng Chin Ooi,
and Chunyan Miao (Eds.). ACM, 2046-2056. https://doi.org/10.1145/
3447548.3467284

Hanqing Zeng, Muhan Zhang, Yinglong Xia, Ajitesh Srivastava, An-
drey Malevich, Rajgopal Kannan, Viktor Prasanna, Long Jin, and
Ren Chen. 2021. Decoupling the Depth and Scope of Graph Neu-
ral Networks. In Advances in Neural Information Processing Systems,
A. Beygelzimer, Y. Dauphin, P. Liang, and J. Wortman Vaughan (Eds.).
https://openreview.net/forum?id=dOMtHWYONZ

Hanging Zeng, Hongkuan Zhou, Ajitesh Srivastava, Rajgopal Kannan,
and Viktor K. Prasanna. 2019. Accurate, Efficient and Scalable Graph
Embedding. In 2019 IEEE International Parallel and Distributed Pro-
cessing Symposium, IPDPS 2019, Rio de Janeiro, Brazil, May 20-24, 2019.
IEEE, 462-471. https://doi.org/10.1109/IPDPS.2019.00056

Chuxu Zhang, Dongjin Song, Chao Huang, Ananthram Swami, and
Nitesh V. Chawla. 2019. Heterogeneous Graph Neural Network. In
Proceedings of the 25th ACM SIGKDD International Conference on
Knowledge Discovery & Data Mining, KDD 2019, Anchorage, AK, USA,
August 4-8, 2019, Ankur Teredesai, Vipin Kumar, Ying Li, Romer
Rosales, Evimaria Terzi, and George Karypis (Eds.). ACM, 793-803.
https://doi.org/10.1145/3292500.3330961

578

[61]

[62]

[63]

[64]

[65]

SOSP °23, October 23-26, 2023, Koblenz, Germany

Muhan Zhang and Yixin Chen. 2018. Link Prediction Based on Graph
Neural Networks. In Proceedings of the 32nd International Conference on
Neural Information Processing Systems (Montréal, Canada) (NeurIPS’18).
Curran Associates Inc., Red Hook, NY, USA, 5171-5181.

Qingru Zhang, David Wipf, Quan Gan, and Le Song. 2021.
A Biased Graph Neural Network Sampler with Near-Optimal
Regret. In Advances in Neural Information Processing Systems,
M. Ranzato, A. Beygelzimer, Y. Dauphin, P.S. Liang, and J. Wort-
man Vaughan (Eds.), Vol. 34. Curran Associates, Inc., 8833-
8844.  https://proceedings.neurips.cc/paper_files/paper/2021/file/
4a08142c38dbe374195d41c04562d9f8-Paper.pdf

Xin Zhang, Yanyan Shen, Yingxia Shao, and Lei Chen. 2023. DUCATL
A Dual-Cache Training System for Graph Neural Networks on Giant
Graphs with the GPU. Proc. ACM Manag. Data 1, 2, Article 166 (jun
2023), 24 pages. https://doi.org/10.1145/3589311

Jie Zhou, Ganqu Cui, Shengding Hu, Zhengyan Zhang, Cheng Yang,
Zhiyuan Liu, Lifeng Wang, Changcheng Li, and Maosong Sun. 2020.
Graph neural networks: A review of methods and applications. Al
Open 1 (2020), 57-81. https://doi.org/10.1016/j.aiopen.2021.01.001
Difan Zou, Ziniu Hu, Yewen Wang, Song Jiang, Yizhou Sun, and Quan-
quan Gu. 2019. Layer-Dependent Importance Sampling for Training
Deep and Large Graph Convolutional Networks. In Advances in Neu-
ral Information Processing Systems 32: Annual Conference on Neural
Information Processing Systems 2019, NeurIPS 2019, December 8-14, 2019,
Vancouver, BC, Canada, Hanna M. Wallach, Hugo Larochelle, Alina
Beygelzimer, Florence d’Alché-Buc, Emily B. Fox, and Roman Garnett
(Eds.). 11247-11256. https://proceedings.neurips.cc/paper/2019/hash/
91ba4a4478a66bee9812b0804b6f9d 1b- Abstract.html


https://doi.org/10.1145/3219819.3219890
https://doi.org/10.1145/3219819.3219890
https://doi.org/10.1145/3447548.3467284
https://doi.org/10.1145/3447548.3467284
https://openreview.net/forum?id=d0MtHWY0NZ
https://doi.org/10.1109/IPDPS.2019.00056
https://doi.org/10.1145/3292500.3330961
https://proceedings.neurips.cc/paper_files/paper/2021/file/4a08142c38dbe374195d41c04562d9f8-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/4a08142c38dbe374195d41c04562d9f8-Paper.pdf
https://doi.org/10.1145/3589311
https://doi.org/10.1016/j.aiopen.2021.01.001
https://proceedings.neurips.cc/paper/2019/hash/91ba4a4478a66bee9812b0804b6f9d1b-Abstract.html
https://proceedings.neurips.cc/paper/2019/hash/91ba4a4478a66bee9812b0804b6f9d1b-Abstract.html

	Abstract
	1 Introduction
	2 Background and Motivation
	2.1 Graph Sampling Algorithms
	2.2 Limitations of Existing Solutions
	2.3 Design Considerations for gSampler

	3 Matrix-centric APIs for Graph Sampling
	3.1 Matrix-centric APIs
	3.2 Example Use Cases
	3.3 Expressiveness and Limitation

	4 The gSampler System
	4.1 Overall Workflow
	4.2 Computation Optimizations
	4.3 Data Layout Selection
	4.4 Super-batch Sampling
	4.5 Implementation Details

	5 Evaluation
	5.1 Experimental Setup
	5.2 Main Result: Sampling Time Comparison
	5.3 End-to-end Results for graph learning tasks
	5.4 Breakdown Analysis
	5.5 Resource Consumption

	6 Related Work
	7 Conclusions and Future Directions
	Acknowledgments
	References

