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Abstract

Relational graph neural networks (RGNNSs) are graph neural
networks with dedicated structures for modeling the dif-
ferent types of nodes and edges in heterogeneous graphs.
While RGNNs have been increasingly adopted in many real-
world applications due to their versatility and accuracy, they
pose performance and system design challenges: inherent
memory-intensive computation patterns, the gap between
the programming interface and kernel APIs, and heavy pro-
gramming effort required to optimize kernels caused by their
coupling with data layout and heterogeneity. To systemati-
cally address these challenges, we propose Hector, a novel
two-level intermediate representation and its code genera-
tor framework that (a) captures the key properties of RGNN
models, and opportunities to reduce memory accesses in
inter-operator scheduling and materialization, (b) generates
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code with flexible data access schemes to eliminate redun-
dant data copies, and (c) decouples model semantics, data
layout, and operators-specific optimizations from each other
to reduce programming effort. By building on one general
matrix multiply (GEMM) template and a node/edge traversal
template, Hector achieves up to 9.9x speed-up in inference
and 43.7X speed-up in training compared with the state-of-
the-art public systems on select models, RGCN, RGAT and
HGT, when running heterogeneous graphs provided by Deep
Graph Library (DGL) and Open Graph Benchmark (OGB). In
addition, Hector does not trigger any out-of-memory (OOM)
exception in these tests. We also propose linear operator
reordering and compact materialization to further accelerate
the system by up to 3.8X. As an indicator of the reduction
of programming effort, Hector takes in 51 lines of code ex-
pressing the three models and generates a total of 8K lines
of CUDA and C++ code. Through profiling, we found that
higher memory efficiency allows Hector to accommodate
larger input and therefore attain higher throughput in for-
ward propagation, while backward propagation is bound by
latency introduced by atomic updates and outer products.
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1 Introduction

Graph neural networks (GNNs) have been increasingly de-
ployed in various applications, including fraud detection,
recommendation, etc. In response to this growing demand,
the open-source community has made much effort to pro-
vide GNN-specific machine learning frameworks, e.g., Deep
Graph Library (DGL) [33] and PyTorch Geometric (PyG) [7].
These frameworks implement several highly-optimized op-
erations, e.g., sparse-dense matrix multiply (SpMM) and sam-
pled dense-dense matrix multiply (SDDMM), to speed up the
execution [12]. Most of these operators and optimizations are
for homogeneous graphs [12, 14, 38]. However, real-world
graphs are typically heterogeneous by nature and contain
multiple types of nodes and edges. For example, a citation
graph may represent entities involving authors, articles, etc.,
as nodes of different types; the edges may model various
types of relations, e.g., an article citing the others. Recently,
to incorporate the information provided by such heterogene-
ity, relational GNNs (RGNNs) [13, 31] are proposed to define
dedicated parameters and data paths for each type.

RGNN poses three major challenges to the existing GPU
computation stack due to its inherent computation patterns,
the gap between the programming interface and the kernel
APIs, and the high cost of kernel code optimizations due to
its coupling with data layout and heterogeneity.

The first challenge with GNN implementations on GPUs
stems from their need to traverse graphs and scatter/gather
tensor data in order to use high-performance general matrix
multiply (GEMM) kernels to implement message passing. In
RGNN, message passing is the procedure in each layer where
an edgewise operation is followed by a nodewise aggrega-
tion operation. In other words, messages are passed through
edges to the destination nodes. We show how message pass-
ing works in models in Section 2.1. During message passing,
the graph structure and data layout significantly impact the
memory access patterns and execution throughput [34, 39].
(Examples and details are in Section 3). Furthermore, as the
connectivity of the input graph is involved in the gather com-
putation, the computation patterns of GNNs are affected not
only by the model definition but also by the graph. Such data-
dependent behavior precludes any one-size-fits-all optimiza-
tion strategy when executing GNNs. Additionally, RGNN
introduces new complications into the design space due to
the need for the operations to account for heterogeneity. We
detail this in Section 2.
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The second challenge in RGNN implementation stems
from the lack of an abstraction layer between the program-
ming interface and kernel APIs, resulting in extra data move-
ment. A typical example is an edgewise typed linear layer.
We detail the context and cause of the extra data movement
in the edgewise typed linear layer in Section 2.3. But essen-
tially, an edgewise typed linear layer multiplies one of the
vectors on each edge with the layer weight dedicated to the
edge type. To achieve this, many existing Pytorch-based sys-
tems materialize a temporary three-dimensional edge-wise
weight tensor, where the slice corresponding to each edge is
the weight matrix of its edge type. This temporary weight
tensor is huge, causing redundant data access and memory
footprint. Hector avoids such unnecessary copying activities
by having typed linear transformations operate on views of
tensors, a feature that PyTorch lacks, and decouples the ma-
terialization of its operands from the source-level expression
(Section 3.2.2).

Third, code generation is necessary. High-performance
neural network implementations have historically been based
on pre-built libraries, e.g., cuBLAS [28]. GNNs make this
less practical because the number of kernels to optimize
is multiplied by the number of adjacency-matrix storage
format choices such as Blocked-Ellpack [22]. For instance,
cuSPARSE only supports the latter in a few APIs [27]. The
typed edges and nodes of RGNN further exacerbate the prob-
lem, which makes the traditional pre-built libraries even
less adequate and compels framework developers to either
painstakingly develop optimized layers from scratch or set-
tle for slow implementation. For example, it took more than
a month for a full-time engineer to implement and deploy
the typed linear layer of RGNN in DGL [24]. Another con-
sequence is the performance degradation caused by limited
kernels due to high implementation costs. For example, the
DGL HeteroConv operator uses a Python native loop to sep-
arately launch kernels for each of the relation types in a het-
erogeneous graph, leading to serial execution of small GPU
kernels that underutilize GPU resources on small graphs.

To systematically address these challenges, we propose
Hector, a two-level intermediate representation (IR) and an
associated code generator framework. The higher-level IR,
called inter-operator level IR, defines the model semantics
as sets of operators and expresses layout choices in a de-
coupled manner. At the lower level, the intra-operator level
IR provides the facility to express template specialization
and lower them to CUDA kernels. We further propose two
optimizations, i.e., compact materialization (Section 3.2.2)
and linear operator reordering (Section 3.2.3). We show in
the corresponding Sections how these two optimizations are
conveniently enabled by the two-level IR design. Sections 3.2
to 3.4 further the design and rationale of the two-level IR.

In short, Hector 1) represents the key properties of RGNN
models to capture opportunities to reduce memory accesses
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in inter-operator scheduling and materialization, 2) gener-
ates code flexibly with proper data access schemes to elim-
inate redundant data movement, and 3) expresses model
semantics, data layout, and operator-specific optimization in
a decoupled manner to reduce programming effort. To the
best of our knowledge, Hector is the first to propose a multi-
level IR to capture RGNN-specific opportunities involving
cross-relation inter-operator optimizations and tensor data
layout with consideration of the type dimension added by
RGNNs. The contribution of this work is as follows.

1. We propose the Hector two-level IR and code generation
framework to systematically optimize and generate GPU
kernels for RGNN training and inference. It bridges the
gap between the programming interface and the kernel
generation process, decouples models, data layout, and
operator-specific schedule from each other, and leverages
optimization opportunities from the three aspects.

2. We devised the Hector code generator based on two gen-
eralized CUDA templates, i.e., a GEMM template and a
node and/or edge traversal template. The generated code
achieves up to 9.9X speed-up in inference and up to 43.7x
speed-up in training compared to the best among the
state-of-the-art systems [9, 35, 36] when running RGCN,
RGAT, and HGT [2, 13, 31] on heterogeneous datasets
provided by DGL and Open Graph Benchmark (OGB)
packages [1, 4-6, 11, 32]. Hector also encountered fewer
out-of-memory (OOM) errors, which is significantly alle-
viated by the optimization mentioned in Section 3. In fact,
with compaction enabled, Hector incurs no OOM error
for all the datasets tested in this paper.

3. We devised two optimizations: compact tensor material-
ization and linear operator reordering. The best combi-
nation of options varies across models and datasets and
further obtains up to 3.8 speed-up in inference and 2.7x
speed-up in training compared to our basic generated
code mentioned in Contribution 2. Through profiling, we
found that the improved memory efficiency allows Hector
to accommodate larger computation and improve GPU
hardware utilization for forward propagation. In contrast,
backward propagation does not benefit from larger input,
due to its latency-bound nature caused by atomic updates
and outer products.

Artifacts are available at https://github.com/K-Wu/HET.

2 Background and Motivation
2.1 RGNN Formulation and Operators

GNNs are feed-forward neural networks that propagate and
transform features using the connectivity of a graph. A

widely used model is graph convolutional network (GCN) [16].

— —
Formally, a GCN layer is defined as h(*Y) = o (A*h(l)W(l))

, where W) denotes a trainable weight matrix of the I-th
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—
layer, o is an activation function and h(? is the I-th layer
node representation. A* is the adjacency matrix normalized

—

by node degrees. h(?) denotes the node input features.

RGNNSs extend GNNs to model different node and edge
types for relational graph data. For example, extended from
GCN, a relational graph convolutional network (RGCN) layer
is defined as

G _ D0 10
h" = o[ R W, +ZZ —nPw

c
reRueN; 9T

1)

, where N denotes neighbors of node v in relation r € R,
h,(il) is the [-th layer node representation of n. Wr(l) is the
weight for relation r. ¢, , is a problem-specific normalization
factor. Figure 1 shows an example of how output features
is produced in the message passing formulation equivalent
to Formula 1: The forward propagation of an RGNN layer
could be divided into (D) the edge message generation stage
and ) the node aggregation stage. For simplicity, we focus
—_—

—

on the output feature hi"“” of node z: To obtain hiout), @)

a message msg is generated for each incoming edge, and (2)

the edge messages go through weighted aggregation and an
—

activation function o to produce h{°“"). Notably, to obtain
the output feature of node v, the input feature of v itself is
applied to the Wo(l) and added to the transformed neighbor
features. We call this a virtual self-loop because it could be
seen as if each node now has a new edge to itself.

Relational graph attention network (RGAT) [2] and hetero-
geneous graph transformer (HGT) [13] are shown in Figure 2.
Attention is introduced in these more complex models: At-
tention is produced in the message generation stage together
with edge messages. Similar to the normalization factor, it
is a scalar that emphasizes the message associated with the
same edge during the subsequent node aggregation stage.
However, attention is learned, as is produced by operations
among weights and features.

@ Message generation @ Node aggregation

O [P o
writes virtual [h;]"-}[mm ] i B
v e [hé"")]*"[m] o| + /o) freg] [l
% ‘_25 [@]x»{w] +(1/ch) s

A
&b

[sg.~

Figure 1. The forward propagation of an RGCN layer could be
divided into (D message generation on edges and 2) node aggre-
gation. We focus on paper node z in a large citation graph as an
example. z only has two incoming edges, from a and b, respec-

— —_—
tively. R(n) and K(0Ut) are node features. Wiy izes is the weight for
the type “writes”. Wy is the weight for virtual self-loops. o is the
activation function. Notably, some runtime implementations may
replicate data, e.g., Wyrites-
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Edge attention
Kr(a)Wa,T(aaz)Qz:( ) ,
T
g = 0([ Wia—z); Wr(aez)]Wa,r(a—»z) )
d| Edge message "
msgper = (
MmsGrear = haWr(asz)
@ Message generation

attyer|=

attrgar|

E

Ve(@)Wmt(a—z), Node aggregation
= Y (osm(att)msg)
@ Node aggregation

Figure 2. HGT and RGAT layer. a and ﬂ are node n’s features.
Denote the type of edge from a to z as 7(a — z). Weights W, 7(4—2)
differ by edge type 7(a — z): For example, assuming there are two
edge types, “writes” and “cites”, W, «yyites» 1S a different weight
from W, «jtes»- They are defined and learnt according to the edge
type. Wy, 7 (a—z) and m are in similar situations. Weights
Wy (n) differ by the node type 7(n) of n. o is a leaky rectified linear
unit (ReLU) in the case of RGAT. o, stands for edge softmax. [5; ]
concatenates 3, I.

2.2 RGNN Performance Characteristics

In non-graph neural networks, most linear operators, e.g.,
convolution, can be efficiently implemented with GEMM ker-
nels. GEMM takes up most of the execution time due to its
cubic complexity. While some operators can be optimized by
transformations, e.g., Winograd for convolution layers [21],
the operators are still computation-intensive after such com-
putation reduction. GPUs are excellent at GEMM because
the latter’s high computation complexity allows leveraging
the massive parallel compute units on GPUs, while the in-
put data could be sufficiently reused to allow the memory
bandwidth to keep up with the computation throughput.

In contrast, GNNs spend a much larger portion of their
execution time on memory-intensive, non-GEMM opera-
tions [34, 39]. One major source of memory-intensiveness
is the sparsity of graphs: to be not bound by the memory
bandwidth, Nvidia H100 GPU requires the data reuse of
single-precision float to be at least 16 times. However, the av-
erage degree of a graph often falls below this threshold, e.g.,
the graph datasets in Table 3. The heterogeneity of RGNNs
further exacerbates the issue due to lowered data reuse by
the introduction of dedicated weights to different edge types
and node types, as shown in Figure 2.

2.3 Inefficiency in Existing Computation Stack: A
Case Study on Edgewise Typed Linear Layers

We use an edgewise typed linear layer as an example to walk
through the various performance overheads in the existing
computation stack, as summarized in Figure 4. Edgewise
typed linear layer applies a typed linear operator on each
edge to one of its vectors. The weight of the linear operator
used in the computation depends on each edge’s type. For
example, the edge message in an RGCN layer (Figure 1) or
an RGAT layer (Figure 2), is produced by a typed linear layer.

A typed linear layer is typically implemented using batched
matrix multiply (BMM) or segment matrix multiply (segment
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Figure 3. Breakdown of inference time by Graphiler and Hector.
Matrix multiply (MM) includes SpMM. We categorize PyTorch time
not accounted for by kernels as “PyTorch Other Compute”.

Model
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PyT?é%I; ’Batched MMHSegment MM‘ ’Multip]e MMS‘
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l E.g., Edge-wise typed linear ‘

small grid,
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Figure 4. Inefficiency (in red) exists in all layers of existing systems.

MM) [25]. For example, PyG FastRGCNConv implemented
typed linear layers using BMM to unleash parallelism. How-
ever, a temporary tensor must be created from the weight
tensor due to the lack of support for indirect addressing by
PyTorch tensor APIs: the typed linear layer could be denoted
as Y[i,0, j] == > (X[i,0,k] x W[T[i], k, j]) where X[i,0,-],
Y[i,0,-] and W[T[i],-, -] are input feature, output feature of
node i and the weight of node i’s type. The middle dimen-
sion of X and Y are needed to make the operation a matrix
multiply. However, there is currently no support for specify-
ing T[i] as one of the arguments to an operator in PyTorch;
one must create W’ [i, k, j] := W[T[i], k, j] before the typed
linear layer.

Segment MM requires presorting features by types. After
that, the node/edge feature tensor is in the form of segments
of features of the same type: the segment MM kernel then
applies the corresponding weight tensor of the type to each
segment. If neither BMM nor segment MM can be employed,
one may fall back to multiple matrix multiplies, leading to
higher device API overhead and GPU under-utilization.

Another type of inefficiency is suboptimal math library
calls. PyTorch has routines to handle various scenarios, e.g.,
a tensor is strided in memory layout or is NestedTensor, a
pack of tensors. Consequently, Pytorch sometimes performs
BMM by launching multiple general matrix-vector multiplies
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(GEMVs) kernels, which also leads to API overhead and GPU
under-utilization.

Lastly, CUDA math libraries were initially developed for
large inputs and may not be efficient for small inputs [28].

To better illustrate the points, Figure 3 breaks down HGT
and RGAT inference time on FB15k and MUTAG. Section 4.1
details the system configurations and datasets. This exper-
iment measured Graphiler [36], which executed compiled
TorchScript code and delivered the best inference perfor-
mance among the existing systems tested in this work. Fig-
ure 3 shows that indexing and copying take up a significant
portion, and the portion of GEMM operations, i.e., MM vs.
Other compute, varied with graphs. By profiling, we found
that the CUDA API overhead is 22% the time of the critical
path, which is the sum of the API overhead and kernel dura-
tion. This is partly due to a huge number of kernel launches
caused by 1) libraries calling a series of kernels to fulfill an
API invocation and 2) some operators calling separate sets
of kernels for each types in the graph.

In contrast, Hector 1) lowers more of the logic to GEMM,
and 2) assembles kernels with flexible access scheme to
gather and scatter data on the fly to eliminate redun-
dant data movement. Consequently, Hector does not repli-
cate weights during computation. As shown, this strategy
achieves better performance than using hand-optimized
kernels with dedicated functions to data movement,
e.g., in Graphiler.

To address the performance challenges in RGNN systems
due to both RGNN’s inherent computation pattern and the
system design, we propose the Hector IR and code generation
framework. By the IR design that decouples and expresses the
model semantic, data layout, and operator-specific schedules,
Hector opens up these opportunities and the integration of
all three aspects into the design space. Table 1 shows the
feature comparison of Hector with existing systems.

3 Design and Implementation of Hector
3.1 Overview of Workflow and System Components

Hector consists of a programming interface, a code gener-
ator, and Python modules. The code generator takes in the

Table 1. Features of Hector and prior [9, 35, 36] GNN compilers.

A
v
7 4 g
éh 2] ~ 3]
[ & @ ]
<) S T g
Tarset Inference v v v
& Training v/
Memory efficiency v V' better
Data 1 v
Design ata layout
space Intra-operator schedule v
Inter-operator optimization v v v/

532

ASPLOS 24, April 27-May 1, 2024, La Jolla, CA, USA

model definition and generates both CUDA kernels and host
functions that configure and invoke the CUDA kernels.

Figure 5 uses an example to illustrate the workflow. The
input is an excerpt of DGL code invoking a typed linear layer
on the input node features. Applying the @hector.compile
decorator triggers a transpiling pass to lower the code into
Hector inter-operator level IR. In this example, the typed
linear transformation typed_linear can be efficiently im-
plemented as GEMM kernels. To this end, Hector lowers the
transform to an operator instance derived from the GEMM
template at the inter-operator level. After the analysis and
optimizations at the inter-operator level, Hector further low-
ers the code to a detailed GEMM specification at the intra-
operator level. The GEMM output A collects edge data gener-
ated from the node data. The first input B is the weight matrix
W, and the second input C is the collection of features of all
the source nodes of the edges involved. The intra-operator
level IR indicates that the GEMM operation should use the
default tile width of 16 and be carried out without scatter,
gather, or transpose applied to input or output matrices.
Eventually, Hector generates a segment MM (Section 2.3) ker-
nel, gemm_1. The Layout Choices section of Figure 5 shows
the default layout choice. etype_ptr specifies the offsets of
each segment of different type. row_idx is the source node
index array in the COO format. The result tensor e[ "msg"]
has the number of edges as the number of rows, and the
number of the columns is the input dimension of the hidden
layer. We detail in Section 3.2.2 an optimization technique,
compact materialization, that is opened up by the decoupled
layout choices from the inter-operator level IR.

The generated code is compiled into a shared library where
host functions are exported through the pybind11 utilities.
Hector falls back to existing routines in PyTorch when cer-
tain operators are not yet supported. During runtime, the pre-
compiled functions are loaded and registered as subclasses
of PyTorch autograd. Function.

3.2 Inter-Operator Level IR

The inter-operator level IR follows the Python grammar but
involves some new constructs, as listed in Table 2. Listing 1
illustrates how the attention calculation in a single-headed
RGAT layer could be expressed using the inter-operator level
IR. Lines 10-16 shows a code segment that generates atten-
tion values for all edges of graph g and then invoke the
edge_softmax(g) function that spans lines 1 through 9. As
shown in Listing 1, the message generation and aggregation
stages are expressed as for-each edge loops starting from
line 2, line 8 and line 10, and for-each node loop starting from
line 4. To accumulate data from the incoming edges of each
node n, the n.incoming_edges() iterator is used. Notably,
the data layout that specifies how to access the input and
output data per edge or node as well as the incoming edges
associated with each node, is abstracted away in Listing 1.
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@hector.compile
def forward(g, W, nodes_feat, edges_type):

Input

g.edata["msg" ]=self.typed_linear(W, nodes_feat, edges_type)

Apply
schedule
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Code

gemm_1

Layout choices Inter-operator level IR
etype_ptr, row_idx ¢, o in g.edges():

e[-msg ] ten?or e["msg"] = e.src.feature *
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10199

Intra-operator level IR
X: (SRCNODE, "feature"),

W: (W,EDGETYPE), Y: (EDGEWISE,"msg")
schedule:{'tile_sz': 16},

X: [GATHER(row_idx),NO_TRANSPOSE], W:[WEIGHTS],
Y:[SCATTER(entry_idx_per_etype + etype_ptr[etype_idx])]

Generation

L

10309YqI]

__global__ void gemmTl varl, ..);
void gemm_1_wrap(Tensor& t1, ..);
TORCH_LIBRARY_FRAGMENT (hector, m){
m.def("gemm_1", gemm_1_wrap);}
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Figure 5. Hector workflow and software architecture.

for e in g.edges(): R ] [atts g
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(a) The citation graph used in this (c) After the linear operator reorder, the  Orange parentheses mark the computation
example. gray region in (b) is rewritten. order change after linear operator reorder.

Figure 6. In the example graph in (a), when computing edge attention of RGAT, linear operator reordering could be applied. (b) shows the
original inter-operator level IR to compute RGAT edge attention. (d) visualizes the computation of the first term, atts, and uses the orange
parentheses to mark how the linear operator reordering changes the order of the computation. (c) The transformation rewrites the code.

3.2.1 Programming Interface. Hector provides a deco-
rator, @hector.compile, to take the existing PyG or DGL
forward propagation logic and generate code for it, as exem-
plified by the input in Figure 5. The decorator, when applied
to a method, invokes a simple transpiling pass that replaces
the PyG and DGL method calls, e.g., SpMM/SDDMM, with an
implementation in the inter-operator level IR, and replaces
supported constructs from PyG and DGL with expressions
in Hector IR. Similarly to statically-typed compilers in other
Python packages [19, 29], the function to compile can use
most of the Python features except dynamic ones, e.g., as-
signing objects of different types to the same variable. We
support a few types as the function arguments for hetero-
geneous graphs, involving Tensor and dict[str, Tensor]
objects, i.e., dict objects where the keys are str objects and
the values are Tensor objects.

Besides, one can use the Hector inter-operator level IR
itself to express the model, as exemplified by Listing 1.
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Listing 1. Expressing the attention calculation in a single-headed
RGAT model using Hector inter-operator level IR.

1 def edge_softmax(g):

2 for e in g.edges():

3 e["att"] = exp(e["att"])

4 for n in g.dst_nodes():

5 n["att_sum"] = 0.0

6 for e in n.incoming_edges():
7 n["att_sum"] += e["att"]
8 for e in g.edges():

9 e["att"] /= e.dst["att_sum"]
10 for e in g.edges():

11 hs = e.src.feature * W[e.etype]
12 atts = dot_prd(hs, w_s[e.etypel)
13 ht = e.dst.feature * W[e.etype]
14 attt = dot_prd(ht, w_t[e.etypel)
15 e["att"] = leakyrelu(atts + attt)
16 edge_softmax(g)

3.2.2 Compact Tensor Materialization and Data Lay-
out. The Hector inter-operator level IR deliberately abstracts
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(a) GEMM kernel and IRs of RGAT edge message computation with vanilla materialization. The two red squares mark identical terms
because msg depends only on source node and edge type. Both schemes in (a) and (b) (D gather the source node’s features into a matrix, (2)
perform the GEMM computation, and () scatter the output features to rows in the output tensor. Each dotted square mark a block in (2) the
GEMM kernel. row_idx specifies the source node index of each edge, and is used in step (D. etype_ptr specifies the offsets of edge of each

type and is used in step 3.
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(b) GEMM kernel and IRs of RGAT edge message computation with compact materialization. Differences in IRs are marked in orange.

Figure 7. When computing RGAT edge messages, compact materialization could be applied. This figure uses the graph in Figure 6(a).
Compared with (a) vanilla materialization, (b) compact materialization saves both the memory footprint and the computation. In (a), the
leading dimension of the output message tensor accommodates different edges. In (b), it accommodates unique (source node, edge type)
pairs. unique_row_idx, and unique_etype_ptr describes the mapping from (source node index, edge type index) to the unique index.

away the data layout from the model semantics. As exem-
plified by Listing 1, the IR only expresses the association of
variables with nodes or edges, e.g., e["att"] and n["att_-
sum"], without dictating the mapping of elements in the
conceptual variable to the memory space.

In this work, we devised compact materialization, which
is a technique enabled by the decoupling between model
semantics and data layout. Note that certain edge data are de-
termined by sparse combinations of source node features and
edge types, e.g. msg5; in Figure 2. Rather than computing
and storing such data for each edge, we instead compute and
store the data once for each (edge type, unique node index)
pair that actually exists, reducing the resources spent on
computing and storing common subexpressions. As exempli-
fied in Figure 7, the materialized tensor involves seven rows
when each row vector corresponds to a msg of an edge. Al-
ternatively, the system can materialize the tensor with only
five rows, where each row vector corresponds to a msg of
an (edge type, unique node index) pair. We call the former
vanilla materialization and the latter compact materializa-
tion. For the vanilla scheme, the row number is the edge
index specified by the sparse adjacency. For the compact
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scheme, it is a unique non-negative integer assigned to each
(source node, edge type). We precompute this mapping and
store it in a CSR-like format. Hector does not create the tem-
porary weight tensor, as explained in Section 2.3. In summary,
compact materialization is a technique to eliminate repetitive
identical computations and results in edgewise operators. It
is applicable when an edgewise operator depends only on the
source node data and edge type, and its output has the shape
of (number of edges, hidden dimension size). After this opti-
mization, the output shape is reduced to (number of unique
(source node, edge type) pairs, hidden dimension size), and
repetitive computation is eliminated. Section 4.3 provided
further analysis of the effects of compact materialization on
memory footprint reduction.

Besides tensor materialization, the multi-level IR design
also allows data layout optimizations involving 1) architecture-
specific optimizations, e.g., padding, and 2) various sparse
adjacency encoding. At the inter-operator level, data layout
specifications are decoupled from the model semantics and
do not influence the transform passes at this level. However,
they determine the data access scheme and make a differ-
ence when generating CUDA code at the intra-operator level.
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Table 2. Hector inter-operator level IR constructs. The graph’s
variable is named as g, node’s as n, and edge’s as e.

Methods of graph variables

g.dst_nodes(), g.src_nodes()
g.edges() [ weight slicing, e.g., W[e.etypel
n.incoming_edges(), n.outgoing_edges()

node iterator
edge iterator
neighbor iterator

Attributes
nodes e.src,e.dst [ types e.etype, n.ntype
input data, e.g., n.feature [ produced data, e.g.,

e["att"]

Operators

GEMM-eligible computation, e.g.,
GEMM-ineligible computation, e.g.,
manipulation, e.g.,

linear(), outer_prod()
dot_prod()
reshape(), concat()

Hector inter-operator level IR bookkeeps the specifications,
which are passed to the intra-operator level during lower-
ing. The intra-operator level operator instances choose the
data access scheme corresponding to the data layout spec-
ifications while assembling the kernel code. We leave the
exploration of data layout optimizations to future work and
detail our plan in Section 6.

3.2.3 Linear Operator Reordering. Linear operator re-
ordering is an inter-operator level optimization. When a
linear operator, e.g., linear layer and dot product, is followed
by another linear operator, their order may be switched. For
example, for atts as shown in Figure 6(d), we may calculate
W,w! first instead. Its profitability can be determined by
counting the number of multiplication and addition involved
in the two GEMMs before and after the order is changed. For
now, we implement the pass to switch the orders of two lin-
ear operators whenever this produces an operator between
weights, because it reduces the complexity by reducing one
of its factors, the number of nodes/edges, to the size of hid-
den dimension. For simplicity, rewritten operator instances
use PyTorch BMM to compute the product of weights and
apply PyTorch slicing when necessary.

3.2.4 Graph-Semantic-Aware Loop Transformation.
Loop transformation at this level is augmented with the
graph-semantic-specific equivalence rule: a for-each loop
over the edges is equivalent to a for-each loop nest iterating
over all the incoming/outgoing edges of all destination or
source node. Loop transformation is applied during the low-
ering pass to canonicalize and fuse loops in order to more
thoroughly identify kernel fusion opportunities.

3.2.5 Lowering Inter-Operator Level IR. To lower the
IR to the intra-operator level, Hector greedily lowers every
eligible operator to instances derived from GEMM templates
(Section 3.3.1). Then, it fuses each remaining region and
lower them to as few traversal instances (Section 3.3.1) as
possible. To achieve this, Hector scans the code three times.
Each time, it attempts to lower operators to instances of a
specific preference level. During the first pass, it attempts
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to lower operators to GEMM-template-derived instances. In
the next pass, it attempts the traversal-template-derived in-
stances. The third pass will lower all the remaining operators
to PyTorch function calls. During each pass, whenever an
operator can be lowered, Hector marks the operator itself,
together with all subsequent operators that can be fused into
it, with the lowering decision. After all the operators have
been examined in a pass, the marked operators are lowered
and fused. Before the second pass, it canonicalizes the for
loops and fuses loop nests whenever possible to discover
kernel fusion opportunities.

3.3 Intra-Operator Level IR

The intra-operator level IR serves between the inter-operator
level IR and the generated CUDA code. At this level, the IR
should encode specifications to emit CUDA code and provide
sufficient information specific to each operator invocation
to the transform and lowering passes at the inter-operator
level. The code transformation components at this level pro-
vide the methods to generate specialized CUDA code for the
operators, to apply operator-specific schedules, and to re-
turn necessary information on operator selection and kernel
fusion feasibility to the passes at the inter-operator level.

Hector’s code generator ultimately lowers the IR to two
basic constructs, the GEMM template and the traversal tem-
plate. Algorithms 1 and 2 illustrate the edge traversal tem-
plate and the GEMM template. The node traversal template is
similar to Algorithm 2, and we will revisit it in Section 3.4.1.
For simplicity, function template specialization refers to rou-
tines specialized for the specific instances derived from the
two templates and involve 1) function arguments, e.g., num-
ber of rows, etc., 2) special registers, e.g., threadIdx, and 3)
loop variables.

3.3.1 The GEMM Template and the Traversal Tem-
plate. We base the code generation on GEMM and traversal
templates because RGNNs involve not only sparse operations
but also multiple dense operations to project vectors across
different semantic spaces. The GEMM template serves edge-
wise and nodewise linear transformations, as exemplified by
the computation of RGAT edge messages in Figure 7. The
GEMM template is defined as a matrix multiply augmented
with custom gather and scatter schemes. It is formulated
as Y[S] = X[G] x W[T] where Y, X, W are output, input,
and weights, respectively; S, G and T are scatter list, gather
list, and the type of the nodes or edges, respectively. The
traversal template performs generic nodewise or edgewise
operations. It serves operators that cannot be lowered to
GEMM templates, e.g., edgewise dot products.

As shown in Algorithm 1, the GEMM template is based on
tiled matrix multiplication. The GEMM template starts with
the work assignment per block during the GetRange<kid>
subroutine (line 1). The idxTileRow and idxTileCol whose
range is determined by GetRange<kid> is used to position
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the workload. Typically, it is the coordinate of the tile of
the output matrix. Factors that affect X’s loading scheme,
LoadXToShmemIfInRange<kid>, and W’s, LoadWToShmemO-
rRegistersIfInRange<kid>, involve whether gather lists
or transpose needs to be applied on the fly (lines 4-5). Gather
list G in the Input section is sometimes needed to locate the
rows in the source matrix X: For example, in Figure 7 (a),
row_idx is needed in step (D). The required information will
be passed during the lowering. The operator instance then
accordingly chooses the data access scheme code piece for
kernel code generation. The storing scheme StoreCIfIn-
Range<kid> depends similarly on whether a scatter list will
be applied. Atomic intrinsics are used in the case of multiple
simultaneous updaters.

In the traversal template, as shown in Algorithm 2, the
edge type, node indices retrieval scheme in lines 5-7 depend
on the sparse adjacency encoding. Similarly to the GEMM
template, when a row vector needs to be loaded or stored,
the tensor materialization scheme determines how the row is
located in the materialized tensor. All statements are initially
inserted into the innermost loop. After Hector finishes the
loop transformations, it then defines work assignment on
line 1 in Algorithm 2 for the operator instance derived from
the traversal template using a simple scheme. For example,
if the loop nest is three levels, as exemplified by Algorithm 2,
we assign the outermost loop, i.e., idxEdge or idxNode loop,
to each thread block and the two inner loops to the multi-
dimensional threads in each block.

Algorithm 1: Hector's GEMM template in pseudo-code.
Each instance is assigned a unique identifier kid and gets
function template specialization FuncName<kid>.

Input: References of Tensor Y, X, W, gather list G, etc.
1 tileRowRange, tileColRange < GetRange<kid>();
2 foreach idxTileRow € tileRowRange do

3 | foreach idxTileCol € tileColRange do

4 LoadXToShmemIfInRange<kid>();

5 LoadWToShmemOrRegistersIfInRange<kid>();
6 __syncthreads();

7 Y_reg « X_shmem X W_shmem_or_reg;

8 __syncthreads();

9 | StoreYIfInRange<kid>();

3.3.2 Adapting to Different Sparse Adjacency Encod-
ing. At the intra-operator level, the templates work for any
sparse adjacency encoding as long as specific interfaces are
implemented. For example, the edge traversal shown in Al-
gorithm 2 works as long as the function template specializa-
tion GetEType<kid>, GetSrcId<kid> and GetDstId<kid>
are implemented: If the sparse adjacency is COO, GetSr-
cId<kid> is a subscript operator applied to the row indices
array. If it is CSR, then GetSrcId<kid> is a binary search in
the row pointer array.
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Algorithm 2: Hector’s edge traversal template in pseudo-
code. Similarly to Algorithm 1, each instance gets special-
ized FuncName<kid>.
Input: References of input and output tensors. Other
necessary data, e.g., adjacency.
1 eRange, hRange, fRange « GetRange<kid>();
2 foreach idxEdge € eRange do

3 | foreach idxHead € hRange do

4 foreach idxFeat € fRange do
5 eType « GetEType<kid>();
6 srcldx < GetSrcId<kid>();
7 dstIdx < GetDstId<kid>();

// initial insertion point

3.4 Rationale of the Hector Two-Level IR

Central to the code generator is the two-level IR. Inter-
operator level IR optimizations address the opportunities
brought in by heterogeneous relation types. These optimiza-
tions manipulate operators and their connections. A high-
level IR abstracts away the low-level details that can com-
plicate or even hinder the transformations. Intra-operator
level IR optimizations reduce the data movement by generat-
ing access schemes in kernels rather than using specialized
kernels and dedicated indexing/copying kernels. These op-
timizations manipulate low-level data access and schedule
details, and thus are better supported by a low-level IR.
The two-level IR enables concerted but decoupled choices
of intermediate data layout and compute schedules: For ex-
ample, in Figure 5, the semantics of the model are decoupled
from the layout choices. Hector implements the model se-
mantics and layout choices in intra-operator level IR with
specific access schemes. The next few paragraphs explain
how the two-level IR design facilitates operator-specific op-
timizations, operator selection, and kernel fusion.

3.4.1 Operator-Specific Schedule. Each instance derived
from the GEMM template provides the option to apply a
coarsening factor in {2, 4}, to choose the tile size, and to ap-
ply __launch_bounds__ that limits the number of registers
in exchange for more active warps. The coarsening factor
is the number of elements each thread deals with in the
loading, computing, and storing stages. When applied, each
block still works on the same assignment, but its number of
threads shrinks by the factor [22]. We also allow a per-row
scalar to be applied to the tiles of matrix A. This eliminates
the extra memory-intensive traversal to perform weighted
vector summation by attention or norm.

As for the traversal template, similarly to the discussion
in Section 3.2.4, we incorporate graph-semantic-aware loop
transformation rules that allow Hector to leverage graph
semantics to open up the trade-off between more data reuse
opportunities and greater parallelism. As mentioned in Sec-
tion 3.3.1, initially, all statements are in the innermost loop
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in each instance derived from the traversal template. Loop
hoisting is performed to enhance data reuse: The template
features insertion points before and after the end of each
loop level. For each statement, Hector finds the outermost
level where it can be placed before applying the template. In
addition, the template also provides a partial result aggrega-
tion method, which is applied during lowering by default, to
reduce global memory traffic by accumulating results within
a thread and within a warp before atomically adding them
to the data in global memory.

3.4.2 Operator Selection and Kernel Fusion. Transfor-
mation and lowering passes at the inter-operator level need
information about operator instances, specifically operator
preference and the feasibility of kernel fusion. Preference
level is the mechanism Hector uses to select the operator
instance when there are multiple candidates. For example,
an operator instance derived from the GEMM template may
have an alternative derived from the traversal template but
the alternative would lead to lower performance due to much
lower data reuse. For good performance, operator instances
derived from the GEMM template are assigned a higher pref-
erence level than those derived from the traversal template
unless otherwise specified. Instances that fall back to Py-
Torch have the lowest preference level.

Operator instances also provide methods to determine
the feasible operators to be fused within the IR. Operator
instances derived from the GEMM template can be fused
with the consumer if 1) the latter multiplies the row vectors
in the GEMM output with scalars and 2) the two operators
are in the same loop (nest). Operator instances derived from
the traversal template can be fused with each other as long
as they are in the same loop (nest). If the inter-operator
level pass finds that some temporary variables are created
and merely used inside the fused operator, it passes that
knowledge to the method so that the variable no longer
needs to be created in the global memory.

3.5 Backward Propagation

Similarly to PyTorch, Hector supports auto-differentiation
by maintaining the backward propagation counterparts of
the operators. Hector first emits the backward propagation
via inter-operator level IR, and removes unused gradients
and their computation. The lowering and code generation
schemes are similar to those in forward propagation. How-
ever, additional processing is needed because the PyTorch
auto-differentiation requires the backward propagation meth-
ods to be paired with the forward propagation methods in
the autograd.Function definitions. To achieve this, Hec-
tor bookkeeps the kernel calls in each forward propagation
method. For each forward propagation method, Hector puts
all the corresponding backward propagation kernel calls in
the body of the backward propagation method.
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3.6 Code Generation

The code generation procedure emits code based on the
CUDA kernel specifications detailed in the form of intra-
operator IR. Kernel code generation is fairly straightforward
and is implemented using a template-based approach. Hector
then emits the host functions that configure grids and blocks,
gets raw pointers from the libtorch at: : Tensor references,
and launches the corresponding kernel. The host functions
are exported via pybind11 utilities.

The Hector performs a pass that scans all the functions
generated to collect a list of preprocessing required for the
input dataset, involving transposition, converting COO to
CSR, etc. The code generator then emits the preprocessing
code.

3.7 Applicability of the Optimizations to GNNs.

Linear operator reordering and compact materialization are
specific to RGNNS. Linear operator reordering is specific to
RGNNs because RGNNS typically require linear projections
from different semantic spaces, introduced by the hetero-
geneity of node types and edge types, to a common space
before further operations. Compact materialization is spe-
cific to RGNNs because of the additional tensor dimension
brought in by different node types and edge types.

Some of the intra-operator IR optimizations could benefit
ordinary GNNs, which can be treated as a special case of
RGNNs whose relation type number is one. Intra-operator
level IR allows specification of both data access schemes and
schedules, thus allowing flexible code generation to accom-
modate different dense or sparse tensor layouts, a need that
often arises from compact materialization. However, the abil-
ity to generate code for different data access schemes and
schedules can be beneficial when compiling ordinary GNNs.

4 FEvaluation and Discussion

We evaluate Hector with the following questions to answer.

Q1. How does the performance of Hector compare with
state-of-the-art systems? How does Hector achieve it?
How much improvement do the two optimizations de-
tailed in Sections 3.2.2 and 3.2.3, compaction material-
ization and linear operator reordering, make?

Q3. Any architectural insights for GPU for RGNNs?

Section 4.2 answers Q1. Section 4.3 answers Q2, and fur-
ther analyzes the performance implication of the two opti-
mizations through a case study. Section 4.4 addresses Q3.

Q2.

4.1 Methodology

To assess performance, we measure the inference and train-
ing time of Hector and other systems on a single-GPU com-
puter. Its hardware components include one Intel Core i9-
9900K CPU, 128 GB dual-channel memory, and one Nvidia
RTX 3090 GPU with 24GB memory. The operating system is
Ubuntu 18.04.5, with kernel version 5.4.0-135. The CUDA and
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Figure 8. Comparing the execution (Exec.) time of Hector best optimized code with previous work. Table 3 shows the datasets used.

Table 3. Heterogeneous graph datasets [1, 4-6, 11, 32] used in our
evaluation. The numbers reflect the default preprocessing by the
OGB and DGL packages, e.g., adding inverse edges.

Name #nodes  # edges Name #nodes  # edges
(# types)  (# types) (# types) (¥ types)
aifb 73K (7) 49K (104) | fbisk 15K (1) 620K (474)
am 19M(7)  5.7M(108) | mag 1OM(4)  21IM (4)
bgs 95K (27) 673K (122) | mutag 27K (5) 148K (50)
biokg 94K (5)  48M(51) | wikikg2 25M(1)  16M (535)

driver versions are 12.1 and 530.30.02, respectively. PyTorch
and DGL versions are 2.0.1 and 1.1.1, respectively.

As shown in Table 3, we use public datasets from DGL [33]
and OGB [11]. We measure (1) inference and (2) training time
on three RGNN models, RGCN [31], RGAT [2], and HGT [13],
comparing with previous systems, involving DGL [33], PyG [7],
Seastar [35], Graphiler [36], and HGL [9]. We ported Seastar
artifacts to the same version of CUDA and Python packages
as what Hector depends on because one of Seastar’s depen-
dencies, dgl 0.4, used an API deprecated since CUDA 11.

For RGCN, RGAT, and HGT, excluding comments, Hector
took in 51 lines in total and produced more than 3K lines of
CUDA kernel code, 5K lines of other C++ code to define host
functions, and 2K lines of Python code to define subclasses
of Pytorch autograd.Function. The implementation also
involves 2K lines of Python code providing common utilities.

To best align with the hyper-parameters prior work used
in its evaluation, we set the input and output feature dimen-
sions as 64 and the number of heads as 1. We measure the
inference and training time of the single layer used. In train-
ing, to obtain a loss, we compute the negative log-likelihood
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loss by comparing the output with a precomputed random
label tensor. For each case, we run the full graph inference
and training for at least 10 epochs and average the elapsed
time. To align with the existing system, nodes are presorted
to enable segment MM for typed linear layers.

4.2 Comparison with Prior Work

For the performance of DGL and PyG, we measure all pub-
lic implementations of these models from DGL, PyG, and
Graphiler artifacts. PyG provides two RGCN convolution lay-
ers: RGCNConv places nodes in segments of the same type but
launches separate kernels for each of the node types, leading
to device underutilization. FastRGCNConv replicates weights
and uses bmm(). It is consistently faster than the RGCNConv
implementation. Similarly, DGL’s built-in segmentMM-based
RGCN layer is faster than other DGL implementations. For
HGT, the DGL segmentMM-based HGTConv primitive gen-
erally has the best performance. In the cases where some
variants encounter OOM errors, we choose the best among
those that run without issues. Some cases are missing due
to insufficient operator support, such as HGL on HGT and
Graphiler on training. We do not measure HGL in inference
because it is designed to optimize training.

Figure 8 shows that Hector’s best-optimized code con-
sistently outperforms state-of-the-art systems. It achieves
up to 9.9% speed-up in inference and up to 43.7x speed-up
in training against the best of state-of-the-art systems. On
geometric average, Hector gets 1.79%, 8.56X%, 2.87X speed-
up in inference via RGCN, RGAT, and HGT, respectively,
and 2.59%, 11.34X, 8.02x speed-up in training RGCN, RGAT,
and HGT, respectively. The performance advantage is larger
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in small graphs, demonstrating that generating a single
kernel that performs the computation across multiple
edge types boosts the performance on small graphs
compared to existing systems that run many small
kernels.

We see close performance achieved by Graphiler in RGCN
and HGT inference. Graphiler leverages PyTorch utilities to
produce TorchScript binaries before execution and utilizes
edgewise parallelism for edgewise computation. Similarly
to RGCNConv, it places node features into segments of the
same type but runs separate kernels to perform a typed
linear transformation. DGL and PyG under similar configu-
rations achieve competitive performance. However, when it
comes to RGAT, Graphiler suffers from performance degra-
dation. Because Graphiler relies on pre-programmed fused
kernels to deliver a significant portion of the performance
boost [36], we postulate that the degradation is due to the
non-exhaustiveness of these pre-programmed kernels [37].
This reflects the drawbacks of compiler design without a
code generation mechanism. By contrast, with two-level IR
and a code generator, Hector achieves better performance,
showing that generating kernels with flexible access
scheme that gather and scatter data on the fly elimi-
nates redundant data movement and outperforms in-
dexing/copying followed by hand-optimized GEMM
and sparse kernels. Besides, it is challenging to extend
Graphiler’s approach to training due to TorchScript’s lim-
ited auto-differentiation support. For example, dict object
creation is not supported, but it is a common way to express
nodewise data and edgewise data.

By comparing Hector with Seastar, which lowers all logic
to sparse kernels, we realize that sparse kernel code gen-
eration alone is not efficient in RGNN:s: it is better to
lower to GEMM kernels as much as possible.

There are two reasons why Hector is more efficient in
device memory usage. First, Hector only keeps a single copy
of weights, as discussed in Section 3.2.2. Replicating weights
also affects backward propagation because the gradient of
each individual copy will be derived, occupying extra mem-
ory. Second, our compact materialization reduces memory
and redundant computation, as explained in Section 4.3.

Notably, even without compact materialization or linear
operator reordering, Hector still consistently outperforms
existing systems, as Table 4 shows. In addition, the unopti-
mized Hector code triggers fewer OOMs than existing sys-
tems, with the only exception where the RGAT inference is
run on mag and wikikg2. For comparison, we also show the
statistics of the best optimized Hector code in Table 4.

4.3 Effects of Compact Materialization and Linear
Operator Reordering

Now, we study the effects of compact materialization and
linear operator reordering. They are detailed in Sections 3.2.2
and 3.2.3. We investigate their effects on RGAT and HGT.
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Table 4. Comparing to the best in state-of-the-art systems, speed-
ups of Hector unoptimized (unopt.) code and that of Hector best
optimized (b. opt.) code. Worst (W), average (M), and best (B) cases.

Numbers of OOMs Hector triggers (#E) are shown.

Training Inference
w M B #E W M B #E
E:‘ RGCN 2,02 259 347 0 1.51 179 219 0
g RGAT 1.72 9.14 437 2 141 5.02 9.89 2
= HGT 153 6.62 283 0 1.20 190 4.31 0
- RGCN 202 276 3.48 0 1.51 191 3.20 0
% RGAT 461 113 554 0 529 856 155 0
S HGT 217 802 431 0 | 140 287 742 0
C+R B C+R = GEMM
R R . Traversal
C mm C e Others
U s U s
0 2 4 6 ms 0 14 28 42 ms
(a) AM (b) FB15k

Figure 9. Breakdown of Hector RGAT inference on two datasets.
Input and output dimensions are 64. Cases with compaction (C), lin-
ear operator reordering (R), and no optimization (U) are presented.

B Infer. mem. %

- 141 0,
Train. mem. % Entities %

® Infer. mem. © Train. mem.

0% 25%  50% 5% 4 80 1.6K (MB)
wikikg2 e [y |
mutag I —— g
mag I — g
fb]5k F—— —
biokg e
bes I B ]
am [ —— | —————
aifh T —— o
0 15 30 45 7K 140K 2.8M
Average degree ®#nodes ©# edges
@ (b)

Figure 10. Memory usage when Hector runs training and infer-
ence on HGT. (b) shows the inference memory use (Infer. mem.)
and training memory use (Train. mem.) of the unoptimized Hector
code in MBs. (a) shows the portion of the memory use after apply-
ing compact materialization vs. the unoptimized Hector code. For
comparison, the number of nodes (# nodes), number of edges (#
edges), and average degree of datasets are shown as dot scatters.
The entity compaction ratio of each dataset is also shown. Legend
entries of each data series are placed next to the axis the series uses.

Table 5 shows the speed-up on top of Hector unoptimized
code by these two optimizations. Due to compact material-
ization, when running RGAT on mag and wikikg2, Hector
no longer triggers OOM errors. In addition, in some cases,
the layout speeds up the execution as well due to the com-
mon subexpression elimination brought forth by the layout.
Compact materialization is hardly possible without a code
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HGT RGAT RGCN
B Training Time (ms) | Training Time (ms) | Training Time (ms)
1 10 100 |1 10 100 |1 10 100

aifp ===, = 2,
AN e o —— | — 0
bgs = Ee— ———— . —— 1
bicky E—— e S
blsk E— ———— W = _,
Mag e ———— T
mutag  Ee— = E=_
Wikik) E———, [—

1 10 100 1 10 100 1 10 100
Inference Time (ms) | Inference Time (ms) | Inference Time (ms)

Figure 11. Hector unoptimized performance. Each cell corresponds
to one pair of dataset and model, where it is shown the time of
(input dimension, output dimension) as (32, 32), (64, 64), and (128,
128) from the top to the bottom. Vacancy indicates OOM errors.

generation scheme or an IR design that decouples the model
semantics, data layout, and operator-specific schedule. Be-
sides, data layout choice, compact materialization in
particular, allows further performance enhancement
while prior work usually focuses on the improvement of
schedule given a specific sparse matrix format. This is shown
by the great speedups in the “Clompact]” columns in Table 5.
To study how compact materialization reduces the mem-
ory footprint, We illustrate the Hector dram usage without
compact materialization in Figure 10(b) and the portion of
dram usage with compact materialization in Figure 10(a).
For simplicity, we define the entity compaction ratio as the
number of unique (source node, edge type) pairs divided by
the number of edges. Figure 10(b) shows that the memory
use of inference and training is highly proportional to the
number of edges of the datasets. Figure 10(a) shows that
compact materialization significantly reduces DRAM usage
in all datasets. The memory footprint ratio of compact mate-
rialization compared with the memory footprint of the un-
optimized code correlates with the entity compaction ratio.
The memory footprint ratio is higher than the entity com-
paction ratio, as the memory footprint consists of edgewise
data, nodewise data, and weights, whereas the compaction
applies to edgewise data only. Besides, in case the average
degrees are larger, the memory footprint ratio reduces more
significantly, getting closer to the entity compaction ratio.
To better understand the performance benefits of opti-
mizations, Figure 9 studies two cases. The entity compaction
ratio of AM and FB15k are 57% and 26%, respectively. On
AM, the time GEMM instances take is greatly reduced. By
comparison, in FB15k, compaction brings less performance
improvement due to the less significant GEMM reduction.
In short, due to the data-dependent nature of com-
putation in RGNNs, there is no one-size-fits-all opti-
mization strategy. However, as shown in Table 5, Enabling
compaction and reordering obtains fairly good performance
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consistently and is the best fixed strategy on average in all
four scenarios, i.e., {RGAT, HGT} X {training, inference}. If
Hector presumably chooses the best configuration in ev-
ery run, it could further get 1.06%, 1.33%, 1.02X, and 1.08%
speed-up in the four scenarios above, respectively. We leave
autotuning to future work.

Table 5. Speed-up on top of Hector unoptimized code due to com-
paction (C) and linear operator reordering (R). Input and output
dimensions are both 64. The highest speed-ups per task are in bold.

Training Inference

C R C+R C R C+R

aifb PosoN 114 119 110
am 094 112 128 154
bgs 093 118 134 157

r, biokg Bl 126 140 [N
S fbisk 120 120 150 126 162
& mag 151 OOM 1.00* OOM  1.07
mutag  [JONON 114 123 124 136
wikikg2 109 OOM 112 | 1.00° OOM 102
AVERAGE 113 117 118 | 136 128 149
aifb 097 152 140 | 092 & 1.94 158
am 105 112 119 | 1.06 132 142
bgs 1.00* 111 118 | 094 125 1.24

.. biokg 135 103 141 | 145 107 | 1.58
O fbisk 088 111 096 h 1.16 | 0.86
= mag 124 106 134 | 146 110 = 1.72
mutag 100 132 132 | 094 168 150
wikikg2 122 107 133 | 126 115 151
AVERAGE 1.08 116 126 | 1.07 131 140

*Normalized by the performance with compact materialization (C) because
the unoptimized version triggers OOM errors.

4.4 Analyzing the Architectural Characteristics

We show the average time of unoptimized Hector in Figure 11.
We also further profile generated kernels when running Hec-
tor on RGAT on bgs and am, as shown in Figure 12.

One thing to note is the sublinear time increase in Fig-
ure 11: when the input and output dimension doubles, the
amount of computation and memory accesses becomes close
to 4X those of the original, but the time increase is typi-
cally lower than 2x of the original. The reason is increased
computation throughput when the size increases, as corrob-
orated by Figure 12. Moreover, we observed higher through-
put when the graph scale increases, e.g., from bgs to am in
Figure 12. Similarly, we witnessed the cuBLAS throughput
increases steadily when we keep the right matrix size as
(64, 64) and increase the number of rows of the left matrix
from 1M (2'7) to 8M (22°). These suggest that an RGNN
system should be memory-efficient in order to accom-
modate larger models and datasets to fully utilize the
massive resources on GPUs. By eliminating unnecessary
data copies, Hector achieves better memory efficiency than
state-of-the-art systems.



ASPLOS 24, April 27-May 1, 2024, La Jolla, CA, USA

The instruction per cycle (IPC) charts in Figure 12 indicate
the traversal kernels are generally latency-bound: on RTX
3090, IPC is ideally 4 as each streaming multiprocessor (SM)
has four schedulers. Backward propagation kernels have
lower throughput due to worsened latency and increased
memory bandwidth consumption by doubled memory ac-
cesses compared to forward propagation. In backward propa-
gation, backward traversal kernels compute gradients using
atomic updates, therefore hindering the throughput; GEMM
kernels also on average have lower performance due to outer
products that compute the delta of weights.

Traversal GEMM
bgs am bgs am
FwProp 351641128 32 64 128 3264128 32 64 128
M BekProp jcycyucucucuc  UcucucucUCUC

gbggmo oK
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Figure 12. Architectural metrics of Hector kernels in the for-
ward (Fw) and backward (Bck) propagation when running Hector
on RGAT with compaction (C) and without (U). For each kernel cat-
egory, aggregated duration and average (Avg.) metrics, e.g., instruc-
tions per cycle (IPC) and various throughputs (TPT), are reported.

5 Related Work

General GPU-accelerated GNN libraries. DGL [33] and
PyG [7] are among the most popular GNN Python pack-
ages that enable easy development and evaluation of GNN
models. DGL [33] proposes to implement GNN as SpMM/S-
DDMM operations. PyG’s key scheme is scatter and gather
operations that switch between edge-parallel regions and
node-parallel regions. Hector instead built upon GEMM and
traversal templates. By lowering the operators to GEMM
as much as possible, Hector obtains better RGNN perfor-
mance. Besides, DGL, PyG and work based on them do not
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currently provide inter-operator level IR. Our work shows
the benefit of capturing inter-operator and inter-relation
opportunities, e.g., linear-operator reordering, by operator
rewrite at the inter-operator level IR. Systems without IR
at this level eagerly execute operators without support for
such optimizations.

GNN end-to-end compilers. Seastar [35] proposes a vertex-
centric compiler stack to generate performant kernels through-
out the training and/or inference of the model. Graphiler [36]
proposes to program the message passing data flow graph
and devises several TorchScript transforms to emit highly op-
timized inference code. Similarly, HGL [9] is an RGNN com-
piler. These prior arts 1) expose PyTorch tensors as operands
of all operations to users and 2) replicate weight to unleash
parallelism due to a lack of support for flexible data access
schemes and/or code generation. Thus, they suffer more or
less from memory inefficiency and performance degradation.
Although the general concept of multi-level IR is not new,
this work proposes new optimizations appropriate for each
level and effective in reducing data movement and code bloat
in the current state of practice: Linear operator reordering
and compact materialization are two key and novel features
to capture and eliminate repetitive computation across edge
types. Section 3.7 discussed the generalizability of this work.
Kernel code optimization. FeatGraph [12] proposes code
optimization framework on top of TVM [3] for user-defined-
function-enabled SpMM and SDDMM. Some work proposed
optimization for specific GNNs kernels. GE-SpMM [14, 15],
and work [10] propose optimized schedules for SpMM. Oth-
ers involve Seastar [35], PyTorch-Direct [23], and TLPGNN [8].
As our work shows, SpMM/SDDMM is not the only essen-
tial kernel in end-to-end RGNN execution. And our work is
orthogonal to these prior arts as they can be incorporated
into Hector as operator-specific schedules or new templates.
Code generation. SparseTIR [38] and TACO [18] propose IR
and code generator for sparse tensor operations. MLIR [20]
proposes multi-level IR design for deep learning. Aligned
with this direction, FusedMM [30] unifies the SpMM and
SDDMM CPU kernel. Hector is different as a higher-level
compiler that optimizes the type of operators and generates
efficient kernels to handle multiple edge/node types in the
RGNN execution. SparseTIR and TACO are tensor-level com-
pilers for sparse operators that may or may not specialize
in deep learning. While we do not intend to reinvent the
general-purpose sparse tensor code generator for complete-
ness or performance, some of these works inspire us and
may be incorporated to enhance the Hector code generator.

6 Discussion and Future Work

Extending the work to support for new optimizations.
Hector is designed as an extensible framework to prototype
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and evaluate new techniques. First, inter-operator optimiza-
tions can be prototyped as inter-operator level passes. Sec-
ond, data layout optimizations can be supported by adding
the corresponding intermediate data and adjacency access
schemes discussed in Section 3.2. We plan to explore 1) if dif-
ferent sparse formats have any impact on the sparse kernel
performance and 2) if there is any optimization opportunity
in changing the intermediate data layout. E.g., storing edge
attention and edge message together in one tensor where
the innermost dimension becomes (size of hidden dimension
+ 1) would further reduce the number of kernels launched.
Third, kernel optimizations can be prototyped as a kernel
template and operator instances based on it. Alternatively,
they can be implemented as operator-specific schedules.
Extending the work to use it in Distributed Systems.
Due to the page limit, we focused this work on single-GPU
performance. The kernels Hector generated could serve dis-
tributed systems, e.g., DistDGL [40]. Since performance im-
provement results from the reduction of data movements
and memory footprints, it also applies to distributed systems.
Devise algorithms to select the layouts, optimizations,
and schedules according to model, input graph, and
GPU architecture. One of the most important compiler
research problems is the algorithm that makes choices among
the candidates in the design space. Apart from the input
graph, the specific microarchitecture of each GPU model also
makes a difference due to the architecture-specific features
available, e.g., asynchronous loading to shared memory since
Ampere [26], and different microarchitecture characteristics
in each model. Therefore, it is meaningful to investigate their
impact and incorporate them into decision making.
Optimize data movement in minibatch training. Graphs
not fiting into GPU memory must stay in host memory or
even storage during RGNN execution. In each step, the sub-
graphs are sampled and transferred to the GPU. With knowl-
edge of graph semantics, data layout, and operator-specific
schedules, Hector can help improve the scheduling of sam-
pling and data transfer and generate CUDA kernels that
gather data from the host memory on the fly [23].
Incorporate TACO to enhance the traversal code gen-
eration. In this work, we craft the code generators on our
own for quick prototyping and focus on high-level optimiza-
tions. As this work establishes our understanding of what
constructs are needed in the code generators for the traversal
kernels, we think it viable to incorporate TACO for the code
generation in the future because TACO provides a mature
compiler infrastructure that enables the expression and ap-
plication of optimizations [17] for sparse tensor operations
in a principled manner, e.g., loop transformations. However,
RGNN scenarios still pose several open challenges to TACO,
especially in edge-centric operations. Take the edge-wise dot
product when computing attygr in Figure 2 as an example.
First, to balance the workload, we evenly split the edgewise
loop and assign them to threading blocks. If we specify the
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source-node-wise loop and destination-node-wise loop as
two dimensions in the TACO iteration space, we need to
fuse these two loop levels to form the edgewise loop to split,
but such loop fusion between two loop levels of iteration
variables is not supported by TACO yet. Alternatively, we
can specify the edgewise loop index as one dimension in the
iteration space. In this case, we need indirect addressing to
retrieve node data: We need to retrieve (O) the source/destina-
tion node index by edgewise loop index and then (2) the node
data. However, indirect addressing is not natively supported
in TACO and thus poses the second challenge.

7 Conclusion

RGNN execution has performance challenges due to the
inherent computation pattern, the gap between the program-
ming interface and kernel APIs, and the high kernel opti-
mization cost due to the kernels’ coupling with layout and
heterogeneity. To systematically address these challenges, we
presented the Hector IR and code generator for end-to-end
RGNN training and inference. The IR design decouples the
model semantics, data layout, and operator-specific schedule,
and expresses these opportunities to allow them to be inte-
grated into the design space as integral elements. Based on
a GEMM template and a traversal template, Hector already
achieves up to 43.7X speed-up in training and inference com-
pared to state-of-the-art systems. Linear operator reordering
and compact tensor materialization obtain up to 3.8X speed-
up compared to the Hector unoptimized code.
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