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Abstract—Graph Convolutional Networks (GCNs) have shown
great results but come with large computation costs and memory
overhead. Recently, sampling-based approaches have been proposed to alter input sizes, which allows large GCN workloads to
align to hardware constraints. Motivated by this flexibility, we
propose an FPGA-based GCN accelerator, named SkeletonGCN,
along with multiple software-hardware co-optimizations to improve training efficiency. We first quantize all feature and adjacency matrices of GCN from FP32 to SINT16. We then simplify
the non-linear operations to better fit the FPGA computation,
and identify reusable intermediate results to eliminate redundant
computation. Moreover, we employ a linear time sparse matrix
compression algorithm to further reduce memory bandwidth
while allowing efficient decompression on hardware. Finally, we
propose a unified hardware architecture to process sparse-dense
matrix multiplication (SpMM) and dense matrix multiplication
(MM), all on the same group of PEs to increase DSP utilization
on FPGA. Evaluation is performed on a Xilinx Alveo U200
board. Compared with existing FPGA-based accelerator on the
same network architecture, SkeletonGCN can achieve up to
11.3x speedup while maintaining the same training accuracy.
In addition, SkeletonGCN can achieve up to 178x and 13.1x
speedup over state-of-art CPU and GPU implementation on
popular datasets, respectively.
Index Terms—GCN Training Accelerator, Fixed-point Quantization, Unified Architecture, SpMM.

I. I NTRODUCTION
Over recent years, graph convolutional networks (GCNs) [1]
have become popular solutions in real-world applications, such
as drug development and web-scale recommenders [2], [3].
However, the promising performance comes at the cost
of enormous memory and computation burden. GCN is often used to process large graphs, whose size ranges into
gigabytes and have trouble fitting onto hardware such as
GPUs and FPGAs. Fortunately, there have been samplingbased approaches [4], [5] to decompose large graphs into
smaller sub-graphs, allowing them to fit on hardware while
maintaining training accuracy. On the other hand, both memory consumption and computation efficiency can be further
reduced through quantization, reducing representation down
to INT8 with little accuracy loss [6]. However, there is yet
to be an accelerator to fully leverage the advantages of the
approaches above.
CNNs accelerators [7], [8] explore parallel computing to
improve efficiency by depending heavily on data regularity and
re-usage. However, it is challenging to apply such techniques
to accelerate GCN training [1], [4], [5] due to the sparsity
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in graph adjacency matrices. This sparsity incurs a sparsedense matrix-matrix multiplication (SpMM), which results in
irregular memory access, as well as PE imbalance. Moreover,
GCNs also incur a dense matrix-matrix multiplication (MM),
which requires heavy arithmetic resources.
There exist GCN accelerators to overcome the above challenges during inference. AWB-GCN [9] processes SpMM and
MM in pipelined modules, and uses a dynamic allocation
scheme to keep each module actively utilized. EnGN [10]
proposes a uniformed architecture to accelerate SpMM and
MM. However, expanding to training is difficult as they either
cache large amounts of data on-chip or depend on high
bandwidth memory. During training, most intermediate results
need to be stored for backward, thus requiring much larger
memory capacities. GraphACT [11] proposes a CPU-FPGA
heterogeneous platform to accelerate GCN training, leveraging
a redundancy reduction algorithm. However, they implement
the feature propagation and weight transformation as separate
modules, which strays away from a uniform architecture may
lead to low hardware efficiency.
To this end, we propose SkeletonGCN, a simple yet effective FPGA-based accelerator for GCN training with both algorithm and hardware optimizations. We first apply quantization
to reduce storage requirement, we then simplify the non-linear
operations to better fit FPGA. Thereafter, to further reduce
storage and bandwidth consumption, we improve the PCOO
format proposed in LW-GCN [12] by removing redundant
information by proposing compact PCOO (CPCOO). A unified
PE architecture is then developed to efficiently handle SpMM,
MM and MM with transposed input (referred to as TMM
below). The architecture is fully pipelined and equipped with
ping-pong buffers to maximize DSP efficiency. We evaluate on
a Xilinx Alveo U200 board. The experimental results show
that our simplification steps incur negligible accuracy loss,
while providing significant efficiency boost.
To summarize, our main contributions are as follows:
• Simple yet effective training: We simplify computation through compressed scheduling, quantization, and
reused intermediate results. Experimental results show
that SkeletonGCN offers comparable training accuracy
despite these proposed simplification techniques.
• Unified high efficiency PE architecture: It supports
SpMM, MM and TMM with high DSP efficiency. Comprehensive experiments show that we can achieve up to
95% DSP efficiency, which in turn contributes to overall
low training latency.

•

Low training latency: Compared with a prior FPGAbased accelerator [11] under the same experiment settings, SkeletonGCN achieves up to 11.3× speedup for
total training convergence time. The speedup is up to
178× and 13.1× respectively compared with state-of-theart CPU and GPU.
II. BACKGROUND AND R ELATED W ORK

A. Workload Breakdown
Following the state-of-the-art architectures, GCN [1] and
GraphSAINT [5] include multiple graph convolution layers or
multi-layer perceptron (MLP) layers. The training process includes forward propagation, backward propagation, and weight
update. To avoid ambiguity, the mathematical definitions used
throughout this work are listed as follows.
Forward propagation in GCN is defined in Equ. 1.
Xl = ReLU(AXl−1 Wl ),

(1)

where Xl−1 and Xl denote the feature matrix of layer l − 1
and l, respectively. Wl denotes the weight matrix of layer l
while A is the adjacency matrix of the input graph. Since
A is always sparse while X and W are typically dense, the
basic operations for the forward phase are SpMM and MM.
GraphSAINT introduces a concept of order. An order 0 layer
is simply an MLP layer, while an order 1 layer is as follows:


Xl = ReLU( Xl−1 Wl,a AXl−1 Wl,b ),
(2)
where the [.] indicates column-wise concatenation, and
Wl,a , Wl,b are the self and neighbor weight matrices of layer
l, respectively. The MLP layer performs a simple MM as
XL = σ(XL−1 WL ). GraphSAINT also inserts an L2 normalization before the final MLP layer, as shown in Equ. 3.
Xl =

Xl−1
.
||Xl−1 ||2

(3)

Gradients are computed during backward propagation before weights are updated via the Adam optimizer [13]. The
gradients of layer l − 1 for GCN are shown in Equ. 4 and 5.
∂L
∂L
T
= 1Xl−1 >0 [Wl−1
AT
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∂Xl−1
∂Xl

(4)
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(5)

where the superscript T denotes matrix transpose. Backward
phase also mostly consists of SpMM and MM. However, the
input to an MM may be a transposed copy of a previous feature
map or weight, which requires a different data access pattern,
we refer to this case as TMM. The gradients of layer l − 1 for
GraphSAINT are computed as follows:
i
h
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,
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In Equ. 4 - 10, L denotes the training loss. The [.] on the
left side of Equ. 6 indicates a column-wise partitioning into
two blocks with equal number of columns. After computing
the gradients, the weights are updated via the Adam Optimizer [13].
For all input (sub)graphs in GraphSAINT related computation, we directly use the random-walk sampler as proposed
in the original text [5]. The number of roots per sub-graph is
tuned per dataset to generate sub-graphs with approximately
2048 nodes in order to fit our hardware design.
B. Low Precision Training
Various low precision training algorithms have been proposed to train CNNs [14]–[16]. However, these studies cannot
directly be applied to GCNs training due to the input sparsity.
There have been GNN quantization methods in [6], [17], which
use a fine-tuning scheme to compensate for the accuracy loss.
Despite their success in reducing memory requirements for
GCN inference, the studies on quantization of large graphs
and hardware-aware quantization is not sufficient.
C. FPGA-based Accelerators
FPGA-based accelerators have been explored extensively on
CNN inference and training [8], [18]–[21]. The work in [8],
[18], [19] uses the FPGA overlay technique to accelerate CNN
inference with different data representations. CNN training
accelerators are developed in these studies [20], [21] to accelerate mini-batch training on CNNs, and use HBM to meet
external bandwidth constraints.
Although GCNs share a similar layer-based network architecture as CNNs, accelerating GCNs is different. Existing
accelerators [9], [10] achieve speed boosts on GCN inference,
however, their designs rely heavily on caching input and
intermediate data on chip. This would be impractical for
training, as much larger amounts of intermediate results must
be stored for back-propagation. GraphACT [11] accelerates
GCN training through redundancy reduction in software and
parallel computing in hardware. HP-GNN [22] proposes a
framework to generate GNN accelerators on a CPU-FPGA
platform automatically. They reduce the memory traffic and
random memory access to accelerate GNN training. However,
both [11] and [22] implement SpMM and MM in separate
modules, which reduces DSP runtime utilization.
III. O PTIMIZED T RAINING
A. Training Simplifications
In this work, we perform the majority of GCN training
with 16-bit signed integers (SINT16). We chose signed integer
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representation over floating point as arithmetic operations with
integers consume less hardware resources and power. The
precision of 16 bits is selected as Xilinx provides native IP
support in DSP configuration. While SINT8 is also supported,
our experiments show that quantization to SINT8 would result
in a significant accuracy degradation.
We apply quantization to the initial input feature maps and
adjacency matrices, and initialize trainable parameters directly
as SINT16. Experiments show that for most of computation,
quantization yields negligible loss to final training accuracy,
and would not affect convergence time in terms of epochs.
However, for some non-linear operations including L2 normalization, softmax, and square root, applying quantization
would devastate results, and they must be kept in FP32.
Due to the representation precision of SINT16, multiplication with a number within [1 ± 2−16 ] results in no change at
all. This allows two simplifications to the Adam weight update
procedure. First, we eliminate the need to compute m̂t and vˆt ,
as the quantized results are identical to the original mt and vt
starting from the second to third epoch. Second, the learning
rate η is rounded to the nearest power of 2 to replace the
multiplication by a simple bit shift.
Furthermore, we detect intermediate results used in multiple
places and cache them to prevent redundant computation.
∂L
Specifically, the step AT ∂X
is used twice in back propagation,
l
and ||XL−1 ||2 is used multiple times in L2 normalization and
its gradient.
B. Hardware-aware Compression
As shown in Table I, adjacency matrices tend to be extremely sparse and would consume an impractical amount of
storage, while less than 1% are non-zero elements. Therefore,
it is necessary to only store and compute the non-zero elements.
We improve the PCOO format proposed in [12] to further
compress the sparse matrices, since PCOO injects empty
elements for empty rows. We propose the compact PCOO
(CPCOO) by dividing PCOO into header and body parts,
as shown in Fig. 1. The header field includes the SOR,
EOR and VLD signals while the body field includes the
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Fig. 2. Overall architecture of SkeletonGCN.

column and value. The representation of the rows with nonzero elements is the same as PCOO. For empty rows, the
header would contain VLD=0, and the body is skipped. During
decompression, the hardware fetches the body according to
the VLD signal provided in the header field (see details in
Section IV-B). Since the data width for the body is much
larger than the header, we can significantly reduce storage
consumption for empty rows of large datasets. Table III-B
shows the storage consumption of PCOO versus CPCOO
per average sub-graph across three datasets. CPCOO reduces
memory by 2.87× to 4.81× over PCOO.
IV. H ARDWARE A RCHITECTURE
In this section, we discuss in detail the hardware architecture
of the proposed SkeletonGCN, which efficiently supports the
training process of quantized GCN.
A. Overall Architecture
The FPGA performs the SpMM, MM, and TMM in forward
and backward propagation, as well as element-wise operations
in weight update. On the other hand, we assign softmax
and categorical cross-entry loss to the CPU because they are
hardware expensive to compute accurately. Graph sampling
and data preprocessing are also assigned to the CPU. The
detailed scheduling between CPU and FPGA will be discussed
in Section IV-E.
Regarding workload assignment, the overall architecture of
SkeletonGCN is shown in Fig. 2. The PE Array Module
performs all the operations in the forward and backward
phases, while the Weight Update Module is followed to update
weights after back propagation. The Communication Module
is responsible for the data transfer between CPU, FPGA, and
off-chip memory (DDR4), and also among different PEs.
B. Unified PE Architecture
Since the whole graph is sampled and only one sub-graph
is trained each time, we set the sub-graph size appropriate so
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that all the data of a sub-graph can be handled by the on-chip
memories of the FPGA. In this way, the FPGA only need to
access the off-chip memory three times during the training of
one sub-graph: 1) to get the initial data for the forward pass,
2) to send back the results of the last layer to compute loss
and gradients on CPU, and 3) to get the gradients of the last
layer for back-propagation.
To increase computation efficiency, we propose a unified
PE architecture to perform the forward and backward phases,
as shown in Fig. 3 (a). As discussed in Section III, the
main operations are SpMM, MM and TMM, where the basic
operation is multiply-accumulate (MACC). In this way, we
first design an M × N MACC Array to support each SpMM,
MM and TMM in parallel. Generally, all the MACC units
in each row of the MACC Array share a same input. The
challenge then becomes how to feed data into the MACCs to
make it perform efficiently under different workloads.
1) SpMM: As discussed in Section III, we use the CPCOO
format to compress sparse matrices and store the compressed
data into 3 separate RAMs, as shown in Fig 3 (a). During
computation, the Header is flushed out from the Header RAM
and we use “VLD” signal to enable the Address Counter,
which is used to generate the address of the Body RAM. The
output of the Body RAM is the column position of the non-zero
element, thus indicating the address of the corresponding dense
data in the Multi-bank RAM. In this way, the decompression
logic of data under the CPCOO format can be as simple as
several wires and a counter, as shown in Fig 3 (a). The nonzero sparse data and corresponding dense data are then fed into
the MACC Array, and the “SOR” and “EOR” signals control
when to start computation for a new row and when to save
the results. With the fully pipelined architecture, the MACC
units keep active during most cycles of computing SpMM, thus
leading to a high DSP efficiency (see details in Section V-D).
2) MM and TMM: Although MM and TMM share the same
computation operations, they require different memory access
for matrices and transposed matrices. To save memory access
burden and improve DSP efficiency, we design a uniform
memory load and store logic for both MM and TMM. In
contrast, a Data Distribution Module is added to control the

data needed by the MACC Array for computing MM and
TMM, as shown in Fig. 3 (b). The row data of the left matrix
is first fetched from the on-chip memory and then fed into the
shift registers. Each shift register stores one row and can be
configured to output one element or the entire row according to
computation mode. When computing MM, each shift register
outputs one element and all the elements are concatenated
and fed into the N rows of the MACC Array (blue arrow in
Fig. 3 (b)). On the other hand, when computing TMM, the
shift registers output the entire row one by one and feed into
the N rows of the MACC Array (pink arrow in Fig. 3 (b)).
By setting the data width of the on-chip memory N × N × 16
(we use SINT16), we can keep outputting active data every
cycle for both MM and TMM to make MACCs active, thus
maintaining high DSP efficiency. Since we set N = 16 in our
accelerator, the data width of N × N × 16 is easy to achieve
by using BRAMs or URAMs in Xilinx FPGA.
3) L2 normalization and its gradients: We develop an extra
module to process L2 normalization and its gradients, which
takes the results of the MACC Array as inputs to pipeline the
computation. We use the CORDIC IP and division IP in Xilinx
FPGA to compute square root and division, respectively. As
the L2 normalization and its gradients are computed in serial,
we reuse most of the computation units to save resource
utilization, as shown in Fig. 3 (c). All the multiplexers in Fig. 3
(c) are selected by the signal indicating the computation of L2
normalization or gradients. For the data which will be used in
both L2 normalization and its gradients, we will buffer them
to eliminate redundant computation.

C. Weight Update
Since the weights are updated after computing the gradients
by TMM, we design a separate module that takes the outputs
of the PE array to fully pipeline the computation, as shown in
Fig. 2. The square root and division operations in Adam are
also computed by using CORDIC and Division IPs. Moreover,
we define the hyper parameters in Adam to the nearest power
of 2 to simplify the multiplications to shift.
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TABLE III
R ESOURCE U TILIZATION ON A LVEO U200 B OARD .
Resource
Used
Available
Utilization(%)

LUT
1021386
1182240
86.39

LUTRAM
183191
591840
30.95

BRAM
1338
2160
61.94

URAM
598
960
62.29

DSP
4460
6840
65.20

D. Data Communication
The Communication Module handles data transfer between
external memory and FPGA and among different PEs, as
shown in Fig. 2. The interface between CPU and FPGA is
PCIe Gen3 X16, and only the initial data, final results of
forward phase and first gradients for backward phase are
transferred via PCIe. DDR4 is also used as the external
memory to save initial data for different training epochs. The
on-chip buffers are designed in ping-pong manner, so that the
communication time between DDR4 and FPGA can be hidden
under the computation time. Since the computation of one
layer is allocated in parallel on different PEs, we also transfer
data among different PEs. Moreover, we also collect all the
data of one layer and input into the Weight Update Module
for updating weights after back-propagation. Considering the
properties of FPGA (i.e., constraints of the number of long
connections between different super logic regions), we use
FIFOs in the PE Interface Modules to control the bandwidth
between different PEs.

epochs while the FPGA is forwarding the current epoch. The
CPU is interrupted to transfer forward results and compute the
softmax, loss and the corresponding gradients once the forward
phase is finished. The gradients are then transferred back to
the FPGA for backward and the CPU is back to preparing data
for next epochs. In addition, the multi-core CPU can be set
to work in parallel because the sub-graphs are independent to
each other.

E. Allocation and Scheduling

A. Experimental Setup

1) Allocation: For SpMM, MM and TMM, we use a round
robin method to assign different rows of the left matrix
onto different rows of different PEs, as shown with a simple
example in Fig. 4. In this way, we can hide the row information
of the non-zero elements under the row index of the MACC
Array, thus simplifying CPCOO. Moreover, the elements in
the left matrix are fed into the MACCs one by one (green
arrow) and the elements of the right matrix are fed into the
PEs row by row (blue arrow). Since we are not able to perform
the whole matrix, we do a row-wise partition in the left matrix
and a column-wise partition in the right matrix to fit one tile
into the MACC Array. In this way, each PE can only achieve
a portion rows of the result matrix. When the result matrix is
used as the left matrix in next steps, we will will propagate
the results inside each PE. Otherwise, we will communicate
among different PEs to collect the whole result matrix.
2) Scheduling: During the training of GCN, the computation expensive operations are assigned to the FPGA while
others are assigned to CPU. To improve the overall training
performance, we parallel most of the operations between CPU
and FPGA, as shown in Fig. 5. After the first data initialization,
the CPU keeps on sampling and preprocessing data for the next

SkeletonGCN is implemented with Verilog HDL and deployed on a Xilinx Alveo U200 board. We implement 8 PEs,
each of which is equipped with a 32 × 16 MACC Array for
SpMM, MM and TMM. After synthesis and implementation
with Vivado 2020.1, the overall resource utilization is shown
in Table V-A.
The datasets used in our experiments are shown in Table I.
We take the the same sampling algorithms as GraphSAINT
and GraphACT for fair comparison. All the results on CPU
and GPU are produced from PyTorch Geometric [23] and the
open-sourced code provided by GraphSAINT [5].

V. E XPERIMENTAL R ESULTS
In this section, SkeletonGCN is evaluated with comprehensive experiments. We first evaluate the proposed SINT16
training approach on different datasets and networks to show
its effectiveness. The FPGA accelerator is then evaluated
on GraphSAINT with different configurations. Finally, we
compare our work with GraphACT [11] under the same FPGA
configurations.

B. Training Accuracy and Latency
Fig. 6 shows GraphSAINT [5] training accuracy across three
popular datasets. The original GraphSAINT configuration uses
larger sub-graphs (i.e., 8000 nodes) as proposed by the original
authors. The simplified version uses 2000 node sub-graphs to
better fit our hardware, and removes a portion of functionality
including dropout and batch normalization. The quantized
version is ran on our hardware, mostly in SINT16 as described
in previous sections. Results show insignificant drops in F1
score of approximately 0.5-0.7% for Reddit and Yelp datasets.
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Fig. 6. Training Accuracy Comparison

TABLE IV
C OMPARISON WITH G RAPH ACT, CPU, GPU ON GCN AND
G RAPH SAINT. “-” INDICATES NO REPORTED RESULTS , “*” INDICATES
RESULTS DIRECTLY TAKEN FROM G RAPH ACT [11]

Data type
Frequency(GHz)
DSP/CPU/Cuda

GraphACT

CPU

GPU

Ours

FP32
0.2
5632

FP32
2.2
40

FP32
1.2
3584

SINT16
0.25
4460

Total convergence time
on GraphSAINT (s)

PPI
Reddit
Yelp

-

352.5
72.5
965.1

8.3
2.9
27.7

7.1
0.96
27.1

Total convergence time
on GCN (s)

PPI
Reddit
Yelp

9.6*
7.6*
23.4*

151.4*
95.5*
359.4*

10.6*
11.4*
30.4*

0.85
0.87
3.76

The drop for PPI was significant at 8% because the PPI dataset
is less robust to smaller sub-graph sizes [5].
The training latency under the same configurations is shown
in Table IV. On average, we achieve 53.5× and 1.7× speedup
compared with CPU and GPU, respectively.
C. Comparison with State-of-the-art
We also compare our work with GraphACT [11] on the
same experimental settings for fair comparison. The GCN
evaluated has two graph convolution layers and one MLP
layer, and the hidden size is set to 256 for all graph convolution
layers. As shown in Table IV, we achieve speedup of up to
11.3× compared with GraphACT across all datasets.
The advantages come from both our quantization-aware
training algorithm and our unified PE architecture. First, the
SINT16 representation greatly reduces the usage of DSPs (in
Xilinx FPGA, each FP32 multiplier consumers 3 DSPs while
each SINT16 multiplier consumers 1 DSP). Second, we use
the unified PE architecture, which dramatically increase the
DSP efficiency.
D. Discussion
This section discuss the DSP efficiency, defined as follows:
DSP EF F =

Lattheo
,
Lattest

(11)

where the Lattheo and Lattest indicate the theoretical latency
and tested latency, respectively. We skip all the zeros in
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Fig. 7. DSP efficiency of SpMM, MM, and TMM in training GCN on Reddit.

SpMM and the theoretical latency of SpMM and MM are then
calculated by using Equ. 12 and 13.
# of non − zero M AC ops
M
LatSpM
=
.
(12)
theo
# of M AC units
# of M AC ops
M
.
(13)
LatM
theo =
# of M AC units
We analyze the average DSP efficiency of training GCN on
Reddit, as shown in Fig. 7. We can see that DSP efficiency
for computing MM and TMM can be up to 98.3%. The
DSP efficiency of SpMM is 71.2% because we inject empty
elements to avoid bank conflicts as that of the PCOO format.
However, it has little influence on the total training latency
because SpMM only accounts for around 1% of the total
computation workloads.
VI. C ONCLUSION AND F UTURE W ORK
In this work, we propose SkeletonGCN to improve GCN
training efficiency on FPGA. The data representation is first
quantized to SINT16 to reduce computation and storage requirements. In addition, we simplify the non-linear operations and eliminate redundant computations to better fit the
computation on FPGA. Moreover, we employ CPCOO format
to further compress sparse matrices while allowing efficient
decompression on hardware. A unified hardware architecture is
then proposed to compute SpMM, MM and TMM to improve
DSP efficiency. Evaluation shows that our simplified training
approach can train the network with negligible accuracy loss.
Moreover, SkeletonGCN can achieve up to 11.3× speedup
over existing FPGA-based accelerator and up to 178× and
13.1× speedup over state-of-the-art CPU and GPU, respectively.
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