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ABSTRACT
Graph Neural Network (GNN) training and inference involve signif-

icant challenges of scalability with respect to both model sizes and

number of layers, resulting in degradation of efficiency and accu-

racy for large and deep GNNs. We present an end-to-end solution

that aims to address these challenges for efficient GNNs in resource

constrained environments while avoiding the oversmoothing prob-

lem in deep GNNs. We introduce a quantization based approach for

all stages of GNNs, from message passing in training to node clas-

sification, compressing the model and enabling efficient processing.

The proposed GNN quantizer learns quantization ranges and re-

duces the model size with comparable accuracy even under low-bit

quantization. To scale with the number of layers, we devise a mes-

sage propagation mechanism in training that controls layer-wise

changes of similarities between neighboring nodes. This objective

is incorporated into a Lagrangian function with constraints and

a differential multiplier method is utilized to iteratively find op-

timal embeddings. This mitigates oversmoothing and suppresses

the quantization error to a bound. Significant improvements are

demonstrated over state-of-the-art quantization methods and deep

GNN approaches in both full-precision and quantized models. The

proposed quantizer demonstrates superior performance in INT2

configurations across all stages of GNN, achieving a notable level

of accuracy. In contrast, existing quantization approaches fail to

generate satisfactory accuracy levels. Finally, the inference with

INT2 and INT4 representations exhibits a speedup of 5.11 × and

4.70 × compared to full precision counterparts, respectively.

CCS CONCEPTS
• Computing methodologies→ Neural networks; • Theory of
computation→ Approximation algorithms analysis; • Hard-
ware→ Power estimation and optimization.

∗
Also with Amazon Web Services. This publication presents work performed at the

University of Warwick and is not associated with Amazon.

Permission to make digital or hard copies of part or all of this work for personal or

classroom use is granted without fee provided that copies are not made or distributed

for profit or commercial advantage and that copies bear this notice and the full citation

on the first page. Copyrights for third-party components of this work must be honored.

For all other uses, contact the owner/author(s).

CIKM ’23, October 21–25, 2023, Birmingham, United Kingdom
© 2023 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-0124-5/23/10.

https://doi.org/10.1145/3583780.3614955

KEYWORDS
graph neural networks; quantization; oversmoothing in GNNs;

large-scale graph management; scalable machine learning

ACM Reference Format:
Shuang Wang, Bahaeddin Eravci, Rustam Guliyev, and Hakan Ferhatosman-

oglu. 2023. Low-bit Quantization for Deep Graph Neural Networks with

Smoothness-aware Message Propagation. In Proceedings of the 32nd ACM
International Conference on Information and Knowledge Management (CIKM
’23), October 21–25, 2023, Birmingham, United Kingdom. ACM, New York,

NY, USA, 11 pages. https://doi.org/10.1145/3583780.3614955

1 INTRODUCTION
Data analytics and machine learning on large graphs encompass a

wide array of applications, including recommender systems, social

networks, web analysis, and computational biochemistry. Some

tasks within this scope include node classification, community

detection, link prediction, reachability analysis, and influence opti-

mization. Recently, Graph Neural Networks (GNNs) have shown

to be effective for learning over graphs [59]. GNNs utilize an itera-

tive process, aggregating features from neighboring nodes through

learnable parameters, thus generating rich and informative embed-

dings.

The versatility of GNNs often comes at a price – elevatedmemory

and computation demands. This poses challenges when scaling up

to larger graphs and deeper models. Large-scale graphs naturally

increase the storage costs and the neighborhood size during the

aggregation phase. While deeper models, with more iterative layers,

add computational strain, they do capture intricate relationships by

broadening the nodes’ receptive fields. To counter these, recently,

quantization approaches were developed to compress both the

model and graph, aiming to reduce storage, computation, and power

requirements for inference workloads [11, 16, 51, 67].

Quantization is the process of mapping continuous numerical

values into smaller sized representations (e.g., using 8-bits). There

are a variety of quantization methods developed for data-intensive

tasks, ranging from multi-dimensional indexing for range and simi-

larity queries [6, 14, 17, 52, 56, 57, 61] to processing convolutional

and recurrent neural networks [33, 55, 60]. For GNNs, quantiza-

tion is useful in many practical settings, such as resource-efficient

representation learning, reducing energy and communication in

sensors, IoT and mobile devices, on-device and embedded learn-

ing, managing data/models in distributed and edge computing, and
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recommender systems which commonly employ graph neural net-
works.

Unlike conventional applications of quantization, GNNs present
unique challenges due to their intrinsic characteristics, which are
not, e�ectively, addressed by the current methods. (i) The process of
neighborhood aggregation in GNNs can lead to signi�cant variance
in high in-degree node embeddings, thereby exacerbating the quan-
tization error, especially in low-bit cases [51]. (ii) As GNNs deepen,
they tend to experience the "oversmoothing" issue where each em-
bedding loses its discriminative information due to the repeated,
unregulated message passing [19]. It is important to understand
if this problem remains or is aggravated with the introduction of
model quantization. Thus, while reducing GNN size and enabling
compressed processing are pivotal for performance e�ciency, ad-
dressing oversmoothing is crucial to ensure accuracy, especially in
deeper models.

While recent studies [27, 51, 67] have delved into GNN quantiza-
tion, the problem is far from being solved and there is no e�ective
solution for low-bit quantization that scales for deeper GNNs. Our
paper underscores this challenge, revealing that state-of-the-art
GNN quantization methods undergo signi�cant degradation at low
bit counts (INT4 and INT2). This is more pronounced in deeper
GNNs, due to accumulated layer-by-layer quantization errors. We
aim to address these intricacies and develop an end-to-end solution.

Our solution involves a quantizer that learns the quantization
ranges (QLR) along with a skewness-aware bitwise truncation (BT� )
mechanism. Additionally, we introduce a smoothness-aware mes-
sage propagation scheme (SMP) to counter the oversmoothing is-
sue in quantized models. This quantizer determines an optimized,
data-aware learnable range grounded in the input data distribu-
tion, thereby minimizing model redundancy. It is shown to retain
its e�ectiveness with low-bit representations, which makes it apt
for large deep GNNs. The skewness-aware truncation embedded
within the quantizer improves the accuracy particularly in low-bit
(INT2) scenarios. Our message propagation scheme aims to mitigate
oversmoothing in deep GNNs by constraining the layer-wise shifts
in similarities among neighboring nodes. Furthermore, we prove
that by using SMP, the quantization error can be suppressed to a
bound. Finally, we demonstrate the e�ciency and accuracy of our
solution through node classi�cation accuracy on quantized GNN
models.

Experimental results demonstrate improvements over the state-
of-the-art approaches across various performance measures and
workloads. Speci�cally, our quantizer (QLR) demonstrates remark-
able advancements in low-bit quantization, outperforming existing
quantization methods while resulting in reduced model sizes. For
deeper GNNs, our SMP method delivers more accurate classi�ca-
tion compared to other deep GNN approaches both in full-precision
and quantized versions. The low-bit quantized SMP, using QLR,
achieves greater improvement over alternative deep quantized GNN
approaches with the help of the quantization error bound with SMP.
BT� improves node classi�cation accuracy on large datasets with
INT2 representation, making it comparable to INT8 accuracy. We
also show that the INT2 quantization model can yield an inference
speedup of 5.11� compared to the full-precision model.

2 RELATED WORK
Quantization has been commonly employed for neural network
(NN) models [20]. NN training is bottlenecked by high memory
requirements to handle large data involving intermediate results
and feature maps [2]. NNs can be trained with low precision using
dynamic �xed point arithmetic [9].

Quantization for neural networks can be performed during or
after training. The post-training approaches quantize weights or ac-
tivation of neural networks on a pre-trained full-precision model [4,
24]. Their low-bit quantization performance incurs signi�cant ac-
curacy degradation. The quantization-aware training aims to avoid
this performance degradation [5, 12]. A useful technique is to ex-
pose errors from the quantization operation to the forward pass
at model training and use straight-through estimator(STE) to com-
pute the gradients [5]. Banner et al. [3] provide a theoretical anal-
ysis showing considerable room for quantization under Gaussian
weight assumption leading to 8-bit DNNs with comparable accu-
racy. The success of quantization has led to binary NNs (BNN)
drastically reducing computation and memory requirements us-
ing hardware-supported bitwise operations with strong precision
performances [28]. The e�cacy of high-order bit representations,
involving bitwise truncation applied to 32-bit word embeddings,
has been demonstrated in previous studies [8].

Pioneering work on learning node representations [46] has been
followed by variants of architectures, utilizing convolutions [26,
32, 38] and autoencoder structures [7, 31]. GNN based representa-
tions have been used for various analytics tasks, including node
similarity search [13], link prediction [43], and entity disambigua-
tion [53]. Solutions for scaling GNNs mostly focus on distributed
processing [10, 62, 65]. Scalability challenges on large graphs have
also been studied in the context of memory optimizations [48] and
scalable processing [37, 44, 45].

GNN quantization have started to receive attention in recent
years. Tailor et al. [51] propose quantization-aware training for
GNNs, where high in-degree nodes are selected for full-precision
training while all other nodes are converted to INT8/INT4. This
can achieve reasonable accuracy especially on INT8 models. Huang
et al. [27] employ product quantization to compress input data but
do not address the more challenging task of quantization of param-
eters. A recent GNN quantization approach [67] addresses low-bit
representation of the weights and input features by learning the
parameters that are equal with the weight dimension and the num-
ber of input nodes, respectively, while leaving the core message
propagation unquantized. However, this approach necessitates the
learning of parameters that scale proportionally with the number
of input nodes, resulting in considerable storage and space over-
heads. Neural Architecture Search (NAS) is used to span possible
quantization levels suggesting an INT4 weight and INT8 activa-
tion as an e�ective strategy for GNNs [64]. Recent studies adapt
binary NN methods for GNNs [1, 54] o�ering a trade-o� between
time/space e�ciency and classi�cation accuracy. These methods
typically either need an additional teacher model for knowledge
distillation or learn binary weights for each layer's input message,
which require higher storage and computational load than a typical
quantization based approach.
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Towards addressing oversmoothing in deep GNNs, Liu et al. [35]
propose Elastic Graph Neural Network with long-range information
propagation using�1 and�2-based graph smoothing. APPNP [19] ad-
dresses the oversmoothing with a propagation scheme based on an
approximation of personalized PageRank. Zhu et al. [66] proposed
low-pass and high-pass �ltering kernels which have empirically
reduced the e�ect of oversmoothing. DropEdge [42] aims to ad-
dress the oversmoothing by dropping a number of edges, which
can be interpreted as both a data augmentation method generating
random deformed graphs and message passing reducer by sparsify-
ing edge connections. PairNorm [63] quanti�es the oversmoothing
and proposes a two-step center-and-scale normalization layer to
prevent nodes converging to similar representations. Compared
to enforcing local smoothness, our method, constrains the layer-
wise message propagation to counteract oversmoothing, which
achieves performance improvements over the prior approaches as
also demonstrated in our experiments.

3 PRELIMINARIES AND ANALYSIS
We �rst provide the technical background, covering quantization
for GNNs, analysis of quantization errors, and the oversmoothing
problem in GNNs.

3.1 GNN Basics
A graphG is represented asG = ¹+• �• Xº, where+ = fE1•� � � E=gis
the set of=nodesj+ j = =, � is the set of all edges,Hl = »h;

1•� � � •h;
=¼>

is the node feature (embedding) matrix for layer; 2 ! where !
represents the number of layers inG, andh8 2 R3; is the feature
vector forE8 2 + node with initial H0 = X. The adjacency matrix
of G is a binary matrixA 2 R=� =, whereA¹8• 9º = 1 if the edge
between nodesE8 andE9 exists (48 92 � ), and0 otherwise.

GNNs comprise a sequence of layers with three main functions
for each layer: message, aggregate and update. This framework is
generally called Message Passing NNs (MPNN) [21]. Each message,
which is a �ow of data from nodes' neighbors, is aggregated and
joined with existing embedding to form a new one for the respec-
tive node as given in Equation 1, whereND are the neighboring
nodes of nodeD. The feed-forward iteration starts with the initial
embeddings,h0

D=xD.

h¹; ¸ 1º
D = * ?30C4; ¹h;

D• �66A460C4; ¹h;
E•8E2 NDº (1)

Various GNN architectures are proposed in the literature, essen-
tially, varying the message, aggregate and update functions [59].
We consider, the popular, GCN (Graph Convolutional Network)
architecture where the update function given in Equation 2 with
activation functionf and learnable weight matrixW; [32].

hD
¹;¸ 1º = f

� Õ

E2ND[ D

1
p

3D3E
W; h

E
; º

�
(2)

Recently, a di�erent perspective on common GNN models was
proposed by Ma et al. [36], where the authors uni�ed di�erent GNN
models, such as GCN, GAT, PPNP, and APPNP, by posing them as
solutions to the graph denoising problem.

argmin
H

1
2

kH � Xk2
� ¸

`
2

tr ¹H> LHº (3)

whereH=»h1•� � � •h=¼> 2 R=� 3 , L2R=� = represent �nal represen-
tations and the graph Laplacian matrix respectively. The �rst term
drives the embeddingsH closer to the graph input featuresX while
the second term imposes global smoothness by enforcing similarity
amongst the connected nodes, as

tr ¹H> LHº =
Õ

¹E8•E9º 2�

kh8 � h9k2
2 (4)

Following this,EMP (Elastic Message Passing) [35] method was
proposed enabling�1 based smoothing constraints on GNNs.

3.2 Challenges with Deeper GNNs
While in traditional ML, deeper models can extract more powerful
representations, for GNNs this inherently leads to several major
challenges. First, as the depth increases, GNNs demand exponen-
tially more computations and larger storage to be managed and
processed, which makes their deployment on resource constrained
platforms more challenging. We seek to design an inference-friendly
quantizer, i.e., performing inference directly on quantized elements
with high accuracy. Second, deeper GNNs su�er from the over-
smoothing problem, where node representations converge to indis-
tinguishable embeddings, degrading accuracy of downstream tasks.
It was shown that GCN exponentially loses its expressive power
for node classi�cation tasks in many practical cases [39].

There are some proposals towards mitigating the oversmoothing
problem for full precision models [19, 34, 35, 42, 63] as discussed
in Section 2, includingDropEdge, PairNorm , APPNP andEMP.
Our experiments con�rm thatDropEdge andPairNorm are par-
ticularly ine�ective for low-bit quantization. These methods do not
consider the smoothness of message propagation amongst layers,
resulting in accuracy drops and unrestricted quantization error es-
pecially in low-bit cases. In contrast, we seek layer-wise smoothness
by enforcing constraints at message propagation, restricting the
quantization error, and denoising the message passing procedure
which lead to enhanced accuracy in low-bit quantization.

3.3 Quantization Basics
Quantization is the process of mapping continuous data, e.g., pa-
rameters, weights and activations of neural networks, to smaller
sized representations. In the scope of our analysis, we denote*
(e.g.Hl ) as a high-precision tensor-valued random variable with
probability density function5* ¹Dº. A tensor is commonly quan-
tized between its maximum and minimumobservedvalues [29].
Considering observed values as* > 2 »U• V¼and the corresponding
1-bit quantized values as* @2 »U@• V@¼, the quantization function
is given by

&¹* •B• Iº = clip
�
b
*
B

¸ I e• U@• V@
�

= * @ (5)

whereB= V� U
V@� U@

is the scale,b�edenotes the round function, and

I =b
VU@� UV@

V� U e is the zero point. The corresponding de-quantization
function is as follows

� ¹* @•B• Iº = B¹* @� I º (6)

The range»U• V¼is usually partitioned into 21 equal interval

regions with a quantization step� =V� U
21 . Given that de-quantized
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value in Equation 6 is represented aŝ* , the mean squared error
(MSE) between* and*̂ is given by

� »¹* � *̂ º2¼=
¹ U

�1
5* ¹Dº ¹D� Ûº23D¸

¹ 1

V
5* ¹Dº ¹D� V̂º23D

¸
21 � 1Õ

8=0

¹ U¸¹ 8̧ 1º�

U¸ 8�
5* ¹Dº ¹D� D̂º23D

(7)

The MSE consists of three terms. The �rst two items areoverload
distortioncaused by clipping the values ofDbeyond»U• V¼. The third
term meansgranular distortionled by the quantization step� . For
anyD 2 »U• V¼, its granular distortion is in»� �

2 • �
2 ¼. Therefore, it

can be reduced by setting an appropriate� based on the distribution
of * . This becomes particularly critical in GNN quantization, as
GNNs show large variance at aggregated values [51].

3.4 Challenges with GNN Quantization
Compared to quantizing CNNs, GNNs involve more types of el-
ements to be quantized with complex interdependencies. These
elements include inputs of each layer, weights, messages between
nodes, inputs and outputs of aggregation stage, and outputs of
update stage. Since the variance of the updated features after propa-
gation in GNNs is high due to the varying number of neighbors [51],
it is particularly challenging to design a low-bit uniform quantizer.
Tailor et al. [51] use percentiles to manually decide the quantiza-
tion range»U• V¼, and a<><4=CD<parameter to perform weighted
average of the statistics of tensors during training. We empirically
observe that the accuracy is highly sensitive to the setting of per-
centiles and<><4=CD<, which increases the di�culty of obtaining
accurate results especially using low number of bits. Zhu et al. [67]
learn the quantization step size for each node of input features
and each dimension of weights, respectively. However, as it does
not quantize the message propagation part, the resulting model
size and computations are signi�cantly larger. Moreover, learning
parameters per each node yields a higher model parameterization
and limits its inductive capabilities including mini-batch training.
It is akin to applying# times learned step size [15], where# is the
number of nodes in the graph. To address these challenges, we in-
troduce a quantizer with learnable ranges (QLR) which determines
the quantization range and is also friendly for mini-batch training
on large datasets.

4 LOW-BIT QUANTIZATION FOR GRAPH
NEURAL NETWORKS

This section describes our solution for quantization with learnable
ranges (QLR) and a skewness-aware bitwise truncation (BT� ) that
captures the underlying data distribution to preserve accuracy with
low-bit representations.

4.1 Quantization with Learnable Range
GNN involves various components such as layer activations, weights,
messages, inputs/outputs of the aggregation and update stages. We
aim to quantize all of the aforementioned components to reduce
the model size and maintain high accuracy during inference.

According to the quantization error analysis in Section 3.3, given
quantization level»U@• V@¼, Bis directly in�uenced by di�erent set-
tings of»U• V¼. Using this observation, we design a scaling parameter
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Figure 1: Quantization error with di�erent W

Wto modify »U• V¼into a more data-aware range»WU•WV¼, which
updates the quantization range to reduce the quantization error in
low-bit cases.

With the learnable quantization range»WU•WV¼, the quantization
function can be updated as

&¹* •BW• IWº = clip¹b
*
BW

¸ I We• U@• V@
�

= * @•W (8)

whereBW=W¹V� Uº
V@� U@

=WBis the updated scale, while zero point stays the

sameI W=b
WVU@� WUV@

WV� WU e=I . The de-quantization function is modi�ed
accordingly

� ¹* @•W•BW• IWº = BW¹* @•W� I Wº = *̂ W (9)

To optimizeWat the backward propagation, Straight-Through
Estimator [5] can be used to calculate the gradient ofWas

m̂* W

mW
=

8>>><

>>>
:

U@• D� U@

V@• D� V@

BbD
WBe � D

W• U@Ÿ D Ÿ V@

(10)

QLR learns a scale (W) relative to the quantization range of ob-
served values, allocates the limited quantization budget to the
remaining observed data points while accounting for the �nal
task. Notably, this is di�erent from learned step size quantization
(LSQ) [15], which optimizes the step size over the full observed
values. We have empirically observed that LSQ tends to be highly
sensitive to the learning rate. This means that achieving satisfac-
tory accuracy often requires an exhaustive search for the proper
hyperparameters. The challenges with LSQ are further ampli�ed
because, in GNNs, the value ranges can di�er signi�cantly across
layers, leading to uneven convergence rates between them.
Quantization error analysis for QLR. Given a valueD 2 »U• V¼,
its quantization error can be written as

54¹Dº = kD� D̂k2 = kBW¹
D
BW

� b
D
BW

eºk2 (11)

It comes from two sources,BWand D
BW

� b D
BW

e, which are the quantiza-
tion level and distortion caused by rounding operation, respectively.
Figure 1 shows the distortion error4Wand total quantization error
54¹Dº = kBW4Wk2, for aggregate output of Cora dataset, across vary-
ing scales inW2[0.05,1.0]. Noteworthy that,4WandBWa�ect the error
in di�erent directions across di�erentWvarying from INT2�INT8.
Speci�cally, with an optimizedW, the distortion in INT2 can be
reduced to a scale similar to that of INT4 and INT8 as shown in Fig-
ure 1(d). Hence, a learnableWcan optimize the quantization range,
reducing the total error even in extreme low-bit representations.
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