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Graph Neural Networks Improve Quantized
Transformers by Incorporating Global Relationships

Cihan Eralp Kumbasar”, Haldun M. Ozaktas

Abstract—Transformers are established in natural language pro-
cessing (NLP). Their capabilities improve with model size, but
training and hosting larger models are computationally demand-
ing. Quantization of model parameters can reduce cost; how-
ever, it generally leads to a significant loss in model performance.
We introduce BitTransGNN which improves the performance of
transformers quantized to low-bit precision by integrating their
architecture with Graph Neural Networks (GNNs) during training.
BitTransGNN substantially reduces and often closes the perfor-
mance gap between quantized transformers and their full-precision
counterparts while retaining the computational efficiency advan-
tages provided by quantization, including lower memory and en-
ergy costs. This is possible since transformers and GNNs capture
different characteristics of data. Transformers excel in modeling
contextual semantics. GNNs excel in modeling very long-range
relationships extracted from the entirety of texts beyond the reach
of transformers’ contextual window sizes. Alongside the transduc-
tive joint model, we introduce inductive variants of BitTransGNN,
which transfer the knowledge of the joint framework into a stan-
dalone quantized transformer. BitTransGNN outperforms quan-
tized transformer baselines trained without GNN integration with
minimal additional overhead, and shows competitive performance
against full-precision baselines across multiple language bench-
marks. Its inductive variants also successfully encapsulate the in-
formation captured by the joint model into a standalone quantized
transformer, achieving consistent performance gains over quan-
tized baselines with zero additional inference cost. Furthermore,
by combining advanced post-training quantization methods with
BitTransGNN, we show that its improvements are complementary
to those attainable through advancements in quantization.

Index Terms—Transformers, quantization, binary neural
networks, efficient transformers, large language models (LLMs),
graph neural network (GNN), graph convolutional network (GCN),
knowledge distillation, BERT.
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1. INTRODUCTION

RANSFORMERS achieve exceptional success in almost
T all natural language processing (NLP) tasks, such as ma-
chine translation, named entity recognition, and language mod-
eling [1], [2], [3], [4]. The impressive representational capabili-
ties of transformers have also received interest in other domains
such as image, video, audio, and speech processing [5], [6], [7],
(81, [9], [10].

The performance of neural models improves with increasing
model size [11], which has led to the use of larger transformers
in language processing tasks. This eventually led to the intro-
duction of Large Language Models (LLMs) that contain highly
parameterized transformer networks at their cores [12]. While
displaying unmatched performance, training and hosting larger
models is challenging due to increased computational costs [13],
limiting the accessibility of these models. Beyond the financial
cost, the use of computationally demanding models increases
energy consumption and carbon footprint, which raises environ-
mental, ethical, and regulatory concerns [14]. As a striking ex-
ample, training the Generative Pre-Trained Transformer 3 (GPT-
3) [15] model containing 175 billion parameters has a carbon
footprint of over 552,100 kilograms of COs-equivalents [16],
corresponding to more than 110 times the average yearly CO»
emission by a human being [17]. Interest in hosting transformer-
based models on mobile devices provides further incentive to
reduce computational cost [18].

Quantization maps high-precision data to a smaller set of
discrete values, thus compressing full-precision parameters into
lower-bit representations [19]. It has been instrumental in im-
proving the computational efficiency of early deep learning
models [20], [21], [22], [23], [24], [25]. The limiting case of
quantization is binarization, which constrains model weights to
the set {-1,1}. Such mapping can reduce memory costs by storing
model parameters with single bits, and decrease computational
costs by replacing resource-intensive matrix multiplication op-
erations with additions and subtractions. Due to its strong po-
tential in reducing computational costs and memory overhead,
quantization has become a key tool for improving transformer
inference efficiency. Quantized versions of different transformer
models have been introduced to reduce the computation and
memory overhead of these models [26], [27], [28], [29], [30],
[31].

Despite its promise to improve computational efficiency, bina-
rization leads to a significant drop in transformer model perfor-
mance [27], [28]. Some methods use relatively higher precision
during quantization to reduce this performance loss (e.g., 8
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bits or 16 bits) [30] while making significant sacrifices from
the potential advantages in efficiency. Others quantize model
weights to low-bit precision after training for efficient use during
inference time, but lose most of the information learned by the
full-precision model [18]. Training with the binary parameter
set produces better results [18], [32]; however, the methods still
underperform compared to their full-precision counterparts due
to reduced representational capabilities.

In this paper, we introduce BitTransGNN, a novel framework
that leverages Graph Neural Networks (GNNs) [33], [34], [35],
[36], [37], [38], [39], [40] to improve quantized transformer
training. BitTransGNN reduces the performance gap between
quantized and full-precision transformers with minimal addi-
tional overhead by supplying very long-range relational infor-
mation extracted from the entirety of texts beyond the reach of
transformers’ contextual window sizes.

We now discuss the effect of transformer window size.
Transformers’ profound success is mainly built on their ability
to grasp contextual information within sequences through the
use of a finite-context self-attention window [1]. Despite its
successful representation of this local context, self-attention
is incapable of processing any information contained outside
its window. Increasing the span of the window is costly, as
the time complexity of self-attention scales quadratically with
respect to sequence length. This limits transformers’ ability to
capture global relationships across data entities that are beyond
the reach of attention windows. For the purpose of this paper,
we will refer to information relationships within the window
as local and those beyond it as global. Architectures such as
gated linear units [41], recurrent models [42], [43], [44], [45],
and state-space models [46] capture long-range dependencies
with sub-quadratic time-complexity but have difficulty focus-
ing on salient input regions, leading to inferior performance
compared to transformers [47]. Similarly, low-rank attention
variants achieve sub-quadratic complexity at the cost of reduced
performance [4], [48], [49], [50].

Motivated by these limitations, we aim to improve the knowl-
edge representation of quantized transformers by compensating
for the inherent limitation of transformers in modeling long-
range dependencies. Several studies have explored graph rep-
resentations as an alternative to sequential modeling to capture
relationships between distant entities [51], [52], [53], [54], [55].
GNNs naturally exploit such distant relationships by propagat-
ing information over graph edges to model global dependencies.
By modeling global context, GNNs complement transformer
models, which excel at learning local contextual patterns. We
leverage this complementary nature to mitigate the performance
loss from quantization by supplying quantized transformers with
global information captured by GNNs. The synergy between
the two allows us to overcome the trade-off between cost and
accuracy that comes with quantization.

To this end, we propose a GNN-based framework that mod-
els relationships among data entities as a graph and updates
node representations by aggregating neighborhood information
through graph convolutions [33], [35], [39], [40], [56]. Graph
Convolutional Networks (GCNs) [33] exhibit linear complexity
with respect to the number of graph edges and leverage graph

sparsity to reduce computations, enabling them to operate with
significantly less energy than transformers. GNNs also train far
fewer parameters compared to transformers, making them more
memory efficient. We enhance the performance of quantized
transformers by utilizing these advantages of GNNs during
training. Having established the foundations of BitTransGNN,
we extend its applicability to both transductive and inductive
learning settings [57]. In transductive learning, the model lever-
ages the structure of the entire dataset to make inferences
on specific test cases [58], whereas inductive learning infers
generalizable rules to handle unseen inputs [38]. BitTransGNN
is inherently transductive due to the direct involvement of the
graph convolutional model in its final predictions. To extend
its use to inductive tasks, we propose two methods that en-
capsulate the information captured by the joint BitTransGNN
model within an independent quantized transformer. The first
directly separates the quantized transformer from the joint model
for inference without additional training. The second method
adopts a lightweight knowledge distillation approach [59], [60],
[61], [62], [63], [64], [65] where a trained BitTransGNN acts as
the teacher and a quantized transformer as the student model.
Through this setup, the student quantized transformer learns
to mimic the behavior of the teacher BitTransGNN, effectively
distilling the learned representations captured by the joint design
into a standalone quantized transformer. Both methods remove
the quantized transformer’s dependence on the GNN after Bit-
TransGNN training, extend BitTransGNN’s utility to inductive
tasks, and maintain the efficiency benefits of quantization during
inference.

Our contributions are summarized as follows:

® We propose BitTransGNN to substantially reduce, and
often close, the performance gap between quantized trans-
formers and their full-precision counterparts while retain-
ing the efficiency advantages provided by quantization.

® We introduce inductive variants of BitTransGNN that en-
capsulate the knowledge of the joint framework into a
standalone quantized transformer, demonstrating notable
performance gains with zero additional inference cost.

e We show that BitTransGNN prevents, to a substantial
degree, the performance loss that would otherwise accom-
pany a major reduction in memory and energy costs across
diverse sequence-level NLP tasks, including classification,
entailment, and semantic similarity, while introducing only
minor additional overhead.

® We show that the improvements achieved by BitTransGNN
are complementary to developments in quantization tech-
niques, and that it can be combined with state-of-the-art
quantization methods for additional performance gains.

e We provide insights into the distinct yet synergistic roles
of GNNs and transformers through a comparative analysis
of their output profiles.

The rest of the manuscript is organized as follows. We first
review the related work on quantized transformers, GNNs and
their applications in NLP, and the use of knowledge distillation
on transformer networks in Section II. Then, we present the
BitTransGNN in Section III. Section IV presents the experimen-
tal setup, model performances under different configurations,
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hardware measurements, and ablation studies. We provide dis-
cussions to assess the significance of our findings in Section V.
Finally, we conclude in Section VI.

II. RELATED WORK

In this section, we first cover research that applies quantization
techniques to reduce the memory footprint and computational
cost of neural networks and transformers. Next, we examine
the use of GNNs in NLP tasks to capture long-range depen-
dencies that traditional sequence-based models have difficulty
representing. Finally, we discuss approaches that address the
high computational demands of large models by transferring
knowledge from larger models to smaller ones through knowl-
edge distillation.

A. Quantization in Neural Networks

Quantization and binarization strategies have long been ex-
plored to improve the efficiency of deep learning models. Prior
works such as [22] and [20] train a neural network with binary
weights and activations, demonstrating substantial reductions in
computational cost by simplifying arithmetic operations. Bina-
rization maps real-valued neural network parameters to the set
{-1,1}, allowing the replacement of computationally demand-
ing multiplication operations with additions and subtractions.
The ternary version also carries such potential through the set
{—1,0,1} [23], [66]. Alternative sets, such as {—2, —1,0, 1, 2},
can also provide such an advantage, as multiplication can also
be eliminated in this case by using shift operations in binary
arithmetic [24], [25].

Quantization has been extensively used in transformer models
to reduce their enormous computational demands. Early ap-
proaches focused on reducing 32-bit full-precision weights to
8-bit representations [30] and applying mixed-precision quan-
tization by adaptively assigning bit-widths using Hessian infor-
mation [31]. Beyond higher bit-width quantization, researchers
explored extremely low-bit settings as well. BEBERT [26],
BiBERT [27], and BinaryBERT [28] investigated binary BERT
variants for language tasks, while BiViT introduced a binary
vision transformer [29]. Quantization research was naturally
extended to LLMs, as they incur significant computational and
environmental costs due to their larger scaling [67]. Specialized
kernels for quantized matrix operations were developed to im-
prove inference efficiency and reduce deployment costs of LLM
products [68], [69], [70].

Several studies trained binary and ternary LLMs from scratch
to exploit the potential efficiency savings during inference [18],
[32]. Despite improving performance and promising reductions
in inference costs, quantization-aware training methods intro-
duce additional training overhead. Post-training quantization
strategies have been proposed to avoid the additional costs.
Methods such as Outlier Suppression (OS), OS+, and Spin-
Quant target eliminating rarely observed, extremely large ac-
tivation values in transformer layers to improve quantization
performance [71], [72], [73]. Other methods adaptively assign
bit-widths to transformer parameters or exploit second-order
Hessian information to reduce quantization error [74], [75], [76].

Although these approaches eliminate the cost of retraining, they
often face difficulties in settings involving extremely low-bit
precision. Prior work has also used GNNs to model dependen-
cies among components for parameter bit-width optimization in
mixed-precision quantization [77], [78]. These works use graphs
to represent dependencies between model parameters to improve
the core quantization process. In contrast, our approach uses
graphs to capture dependencies between data elements, comple-
menting the sequential modeling of the quantized transformer
to enrich its representation capability, rather than directly con-
trolling the quantization process. We focus on global data-level
relationships to enhance the representational capacity of quan-
tized transformers, a perspective that has received no attention
to date. In other words, our work takes a different perspective.
Instead of modifying the quantization process, we address the
representational limitations of transformers by injecting very
long-range information captured by a GNN into the quantized
model.

B. Graph Neural Networks in Natural Language Processing

Earlier work on NLP utilized recurrent methods, such as
Recurrent Neural Network (RNN) [42], [43], Long-Short Term
Memory (LSTM) [44], and Gated Recurrent Unit (GRU) [45], as
well as methods that employ gated convolutions [41], to capture
the local context within sequences. These models were capable
of handling long sequences with sub-quadratic time complexity;
however, they lacked a selection mechanism that detects impor-
tant information while handling long-range dependencies [47].
Due to the success of its attention mechanism in capturing intri-
cate relationships within its window, transformers became the
state-of-the-art method in NLP despite their quadratic time com-
plexity [1]. Modifications to the self-attention mechanism have
been investigated to reduce its quadratic complexity [4], [48],
[49], [50], with some achieving linear complexity through low-
rank approximations [48] or windowed attention patterns [4].
However, these methods usually come at the cost of reduced
training stability or model performance [79]. A supporting ap-
proach to the sequential processing of text is modeling the entire
corpus through graph structures to capture the global context
and depict relationships that are beyond the reach of the local
context. GNNs appeared as a natural tool to process information
through text graphs. Due to the recent success of this approach,
GNN-based methods have gained popularity in NLP tasks [80],
including text classification [51], [52], [53], [54], [55], neural
machine translation [81], [82], and text summarization [83],
[84].

TextGCN [51], a pioneering work that utilizes GNNs in NLP
tasks, approaches text classification from a graph perspective.
The authors place the words and documents within a corpus
to the nodes of a text graph and determine the relations be-
tween nodes through text statistics. TextGCN uses a homoge-
neous GNN to traverse through the heterogeneous text graph,
updating word and document embeddings identically [51]. In
heterogeneous graphs, the relationships between different node
types can be partitioned with some additional overhead to im-
prove their representations, and the data can be processed using
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heterogeneous GNNs [52], [85], [86]. HeteGCN [52] exploits
the heterogeneous structure of TextGCN’s text graph by propos-
ing different message propagation paths between word and
document nodes.

Beyond the direct use of GNNs in NLP tasks, several works
combine the strengths of transformers and GNNs. BertGCN [54]
jointly trains a fine-tuned BERT model with a GCN, while the
Graph Receptive Transformer Encoder (GRTE) [55] integrates
BERT-produced document embeddings into graph nodes and
propagates information through the heterogeneous paths pro-
posed in HeteGCN. Similar collaborations between GNNs and
LLMs have also been explored in diverse settings to improve
the performance of both systems [87], [88], [89], [90], [91].
These approaches demonstrate the benefit of introducing global
relationships captured by GNNss into transformer architectures;
however, none have examined this direction to enhance the
representational capacity of quantized transformers.

More recently, GNNs have also been used to support mixed-
precision quantization of transformers. For instance, [77] em-
ploys a GNN to capture dependencies among transformer pa-
rameters for adaptive bit-width assignment, while [78] uses
a graph transformer to model component dependencies and
optimize quantization. Although these studies exploit GNNs to
represent relationships between model components, our work
adopts a distinct perspective: we model global relationships
across data entities and inject this information into a quantized
transformer during training, thus improving its representational
capacity under reduced bit-precision.

C. Knowledge Distillation Over Transformer Networks

Building on the idea that the knowledge of multiple models
can be compressed into a single one [60], [59] introduced knowl-
edge distillation, a technique that transfers knowledge from a
larger, highly parameterized teacher model to a smaller student
model. Distillation enhances the student model’s performance
by training it to align its output distributions with those of the
teacher model while simultaneously learning from ground-truth
labels.

Many works leveraged distillation to compress transformer
models and obtain smaller models with fewer parameters that are
almost as capable as their full-precision counterparts. Methods
such as DistilBert [61], TinyBert [63], and MiniLM [62] utilize
distillation to reduce the model size of BERT-based language
models. Inspired by the method’s success in model compression,
many works leverage distillation for transferring the capabilities
of full-precision transformers into quantized models as a means
for improving quantized model performance while retaining
the efficiency advantages offered by quantization. BiT trans-
fers knowledge from models with higher-precision weights into
a binary transformer to bring its performance closer to full-
precision variants [64]. BEBERT [26] integrates multiple binary
and full-precision BERT models through ensemble learning and
explores several distillation approaches to train these ensembles
and improve binary BERT performance. In BiBERT [27], the
authors claim that binary BERT training with distillation can
suffer due to a direction mismatch during backpropagation.
As a remedy, they propose a Direction Matching Distillation

TABLE I
SETS USED TO QUANTIZE THE FULL-PRECISION WEIGHTS

1-bit
s {-1,1}

1.58-bit
{_17 07 1}

2-bit
{_27 _17 17 2}

2.32-bit
{_27 _17 07 17 2}

scheme to train a binary BERT. Motivated by these studies,
we introduce a teacher—student design built on the collabora-
tive transformer—GNN design and use knowledge distillation
to transfer information from the joint model into a student
quantized transformer, thereby enhancing its representational
capacity.

III. BITTRANSGNN

A visual representation of our proposed BitTransGNN archi-
tecture is presented in Fig. 1. We mainly operate BitTransGNN
on sequence-level tasks, which correspond to document-level
tasks in the NLP context. We will use the two terms interchange-
ably. We refer to transformers quantized to low-bit precision as
BitTransformers in our study and as BitTrans in equations for
brevity. We first explain the transformer quantization procedure
and the information processing of quantized transformer blocks
in Section III-A. We outline the text-graph generation and
how the GNN module processes the graph-structured data in
Section III-B. We formulate how BitTransGNN is built upon
the BitTransformer and GNN modules in Section III-C. We
introduce the methods used to train BitTransGNN in Section II-
I-D. We present two extensions that adapt the framework to
inductive problem settings by encapsulating the knowledge
learned by BitTransGNN models into a quantized transformer in
Section III-E. Finally, we theoretically analyze the memory and
energy efficiency of BitTransGNN models in Section III-F.

A. BitTransformer Module

We first outline the procedure used to quantize the transformer
model. Then, we formulate how the quantized transformer pro-
cesses information across its blocks within the BitTransGNN
framework.

1) Quantization Procedure: We quantize the real-valued
weights within the transformer network to low-bit precision
following the approaches in [92]. Each value in the weight
matrices is mapped to an element in the quantization set S.
Elements of S are determined based on the quantization rate.
The bit-precision of quantization and the corresponding sets are
displayed in Table I.

The conventional matrix multiplication in a linear transfor-
mation layer is:

Yiin = Xiin Wiin, ()
where Xy, € RM>de Yy, € RM*% and Wy, € R%*% are

the input, output and weight matrices in the linear layers. We
apply element-wise quantization to the weight matrix as:

VA\}MH = Clamp (round <Whn> ,min(S), max(8)> , (2
aw

Clamp(z, a, ¢) = min (max(x,a),c), xz,a,c€R. (3)
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B. BitTransformer

129

C. GNN Block

Overview of the proposed BitTransGNN architecture. The figure illustrates the transformer quantization and fine-tuning, the GNN block used alongside

the BitTransformer, and their integration for joint training. The depicted BitTransGNN employs an L-layer BitTransformer and a 2-layer GCN block.

The function round(z) : R — Z maps x to the nearest integer.
We quantize the weights using absmean quantization [24]. The
scaling factor ayy is defined as follows for this approach:

! L L
max(S)’ H—nm;;\(wlmm. @

We also quantize the activations to b-bits by mapping them into
thesetSx = {z € Z | -2 1 <z <2071}

Xy = Clamp (round (th) ,min(SX),max(SX)> . (5)
ax

Different from weight quantization, we use absmax quantiza-
tion [93] over the activations, and the scaling factor arx is defined
as follows for this strategy:

W —

— HthHoo ) (6)
max(Sx)
[|Xin||oo refers to the I norm of Xy;,,. We use b = 8-bit and
b = 1-bit representations to quantize the activations.
Through quantization, the linear layer in (1) is converted to
the following:

Yiin = Quant(Yiin) = Xiin Wiin- (7
As a final adjustment, the output of the quantized linear layer is
dequantized back to its original precision:
®)
Quant(.) and Dequant(.) will be used to refer to the quantization
and dequantization functions in (7) and (8), respectively. We
use channel-wise scaling in both weight and activation quan-
tization. We use the straight-through estimator (STE) [94] to
approximate the gradient of quantized parameters, as the quan-
tization function in (3) is non-differentiable and incompatible
with backpropagation. We quantize all linear transformations
within transformer layers, including the feed-forward, attention,
and linear classifier layers, as well as the embedding parameters
to low-bit precision.
2) Quantized Transformer Blocks: The quantized trans-
former receives B raw sequences. The model tokenizes each
sequence by mapping each element to tokens. Besides mapping

Yhn = Dequant (Ylin) = awax X Ylin~

the data entities, tokenization also adds special tokens to the
sequence. The [CLS] token, placed at the start of the sequence,
is used to aggregate information from sequence elements. The
[SEP] token marks the boundary between different parts of the
sequence. Lastly, the [PAD] token is appended to the end of each
sequence as a padding to standardize the token count across
sequences. After tokenization, each sequence has a uniform
length of M. The model then maps the tokens to an embedding
matrix X € RP*M>d through its embedding layer, where d is
the embedding dimension. The embedding matrix is supplied to
the quantized transformer model as input:

HO =X, )
The quantized transformer contains L stacked blocks com-
prised of multi-head self-attention (MHSA) mechanisms and

feed-forward networks (FFNs). The output of each quantized
transformer block (QTB) is passed to the next block as input:

HO — qTB (H(“l)) Vie{l,2,...L}.  (10)

The computations within each QTB are uniform. We display the
computations for the /th block as an illustrative example.

The block first processes H(*~1) through the MHSA mecha-
nism [1]. MHSA processes the embedding matrix H(=1) in h
independent attention heads. The quantized transformer projects
the embedding matrix to three different matrices within each
head: the query le), key IN{EI), and value \71@. Each projection
is applied through a quantized linear transformation:

~ (1 cr(l—1)xx-(1 = (1 cr(l—1)xx-(1
QY = BOWY, KO = CIWY,

v =u"""wWl, (11)

where Wg)m WO WO e R are learnable quantized

0 Wi Wyl
weights. MHSA computes attention scores at each head for all
tokens within the sequence using the three matrices:

oy o~y ~ OOKROTY _
Att,; (Ql(-l), Kgl),Vl(l)) = Softmax <%> Vgl),
12)
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The attention scores calculated at each head are then concate-
nated and passed through a quantized linear transformation:

M(Q(l), KO, \N/'(l)) = Quant([headgl). . .headg)])VA\?gl),
(13)

where head!” = att;(QY, K", V") and W € R4 is a
learnable quantized weight matrix. The MHSA output is then
passed through a layer normalization (LN) component with a
residual connection:

H;lt)t =LN (H(lfl) + Dequant <M<Q(l)7l~{(l),\~7(l)>)> .
14

Since they have negligible costs, layer normalizations and resid-
ual connections are maintained in full precision. After layer
normalization, the signal is supplied to a quantized FFN:

H{y = o1 (Quant (H) Wiy ), (9)
where ¢(.) = GELU(.) is the nonlinear activation used within
the QTBs and Wi}, € R™¢ are the learnable quantized
weights of the FFN. The FFN output is again passed through

a layer normalization component with a residual connection to
obtain the /th QTB output:

16)

Following (10), the output of the Lth QTB H(L) ¢ RBxMxd jg
obtained. After tokenization, the first entry of each sequence held
the [CLS] token, which served to aggregate information from
sequence elements. The QTBs produce an embedding for the
[CLS] token, which we extract from H(%) to construct sequence
embeddings Useq € RP*?. Uy, is passed through a quantized
linear classifier to obtain the final quantized transformer output:

HY =1N (H;?t + Dequant (ITI%Z%N)) .

ZBitTrans - Dequant (Useqwcls> 3 (17)
where Ugeq = Quant(Useq) and Wi € RC is the quantized
classifier weights. In regression tasks, Zpirrans € RZ*! is used
as the final output. In classification tasks, the output embeddings
are additionally passed through a Sof tmax function to obtain
probabilities over class distributions:

(18)

3) Integrating Quantization and Fine-Tuning: We investi-
gate the integration of quantization to transformer fine-tuning
in two different phases.

1) Quantization-Aware Training (QAT): first quantizes pre-
trained model weights and activations, then fine-tunes the
transformer after quantization [20], [22], [30].

2) Post-Training Quantization (PTQ): conducts fine-tuning
using full-precision weights and quantizes transformer
parameters and activations after the fine-tuning is com-
pleted [75], [95], [96].

PTQ is more practical to use, since it requires no retraining.
However, because it does not optimize the model with quan-
tized weights, low-bit PTQ often results in greater performance
degradation compared to QAT.

Psgitrans = Softmax (ZBilTrans) .

B. GNN Module

We first present the construction of the text graph from a
given corpus. Then, we explain how GNN blocks process text
data through the graph structure to produce outputs.

1) Graph Generation: To propagate information across text
elements in language tasks, we construct a text graph from each
given corpus. We place each word and document in the corpus on
the nodes of a heterogeneous text graph. We construct the edges
between different nodes through corpus statistics. We can rep-
resent the adjacency matrix A € RINHFV)*X(N+V) of our graph
structure over N documents and V' unique words contained in
the corpus through the following mathematical formulation:

G, D'
A = .
D G

19)

G, € RV*V defines the adjacency between word-word node
pairs constructed using the PPMI metric, which captures corpus-
level co-occurrence statistics among words. D € RV*V de-
fines the connections between word and document nodes by
computing the TF-IDF scores, which reflect the importance of
words within individual documents. To construct the document-
document similarity graph G4 € RV*N | we compute TF-IDF
representations 4 € R for each document d. Then, we iden-
tify the k& = 25 nearest neighbors Ny (d) of every document
based on cosine similarity. Consequently, the adjacency among
document-document node pairs is defined:

Guld, d) cos(tq,ty) ifd € ./\/k(d) ord € Ni(d'),
0 otherwise.
(20)
2) GNN Blocks: The GNN module is constructed by stack-
ing multiple message-passing layers that operate on graph-
structured data. The feature update of a generic message-passing
layer can be defined as the following:

FO = ¢ (Sa)F(Z—l)W(l)) ’ Q1)

where [ is the layer number, S() is a graph structure encoding,
F(-1 denotes the hidden layer features, W) ¢ Rd"" " xd®
is the trainable weight matrix, d® corresponds to the hid-
den feature dimension at layer /, and ¢¢(.) is the nonlinear
activation function used within GNN layers. We use graph
convolutional layers as our message-passing components. For
a graph G = (V, ), where V is the set of nodes and £ is the
set of edges, the graph adjacency matrix A € RV *¥ defines the
connectivity across N graph nodes. A graph convolutional layer
formulates the graph structure encoding as S = D :AD =,
where D(i,4) = >, A(i, j) is the degree matrix of A. As a
result, we use the following update equation in the /th layer of
our GNN module:

FO = 4 (D*%AD*%F“*UWU)) . 22)

We use ¢¢(.) = ReLU(.) activation across GNN layers.

We supply the sequence embeddings Useq outputted by the
quantized transformer as inputs to the graph module. The em-
beddings of sequence nodes, or the document node embeddings
in the NLP context, are initialized using Ugeq € RN*4 and the
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node embeddings of the V' unique tokens within the corpus
vocabulary are initialized as 0 € RV

F(O) _ <U56q> c R(N-"-V)Xd.
0

These embeddings are processed by the GNN module that
contains K stacked graph convolutional layers defined in (22)
as follows:

(23)

FH) = GNN(Us). (24)
Finally, the embeddings of the N document nodes are extracted
from FU) € RIN+V)IXC (4 obtain Zany € RY*C 1n regres-
sion tasks, Zgnn is used as the final GNN output. In classification
tasks, the embeddings Zgnn are additionally passed through a
Softmax function:

Ponn = SoftmaX(ZGNN). (25)

C. The Integration Module

Quantization holds a significant potential to reduce the mem-
ory and energy costs of transformers; however, it degrades
the representational capabilities of transformer parameters. In
addition, despite successfully representing the local context,
transformers are poor at capturing global relationships across
data entities extending beyond their context windows. To reduce
the shortcomings of quantized transformers, BitTransGNN em-
ploys a GNN module that contains multiple message passing
layers in conjunction with the BitTransformer during training,
as can be seen visually in Fig. 1. The GNN operates on sequence
embeddings produced by the BitTransformer to enrich the Bit-
Transformer’s output representations. The integration module
synthesizes the outputs of the BitTransformer and the GNN to
improve BitTransformer training.

In classification tasks, BitTransGNN integrates the predic-
tions produced by the BitTransformer and the GNN as:

(26)
where A € [0, 1] is a hyperparameter governing the contribution
of the two models. We use the cross-entropy loss to account for
the training loss £ in classification tasks:

1 c
—— > Yo n(Poitansarn)ae,  (27)
|ytrain| A€V ipain =1

where (P girtransGNN ) de 18 the probability predicted for class ¢ of
document d, Y 4. is the ground-truth label of the corresponding
instance, C' is the number of classes, and ) ain iS the set of
labeled document indices.

In regression tasks, the embeddings Zgny and ZBitTrans before
the Sof tmax function are used to obtain the output:

PgirtransanNy = APGnn + (1 — ) Pictrans

Ece =

ZiictransanN = AZanN + (1 — A) Zpietrans, (28)
and the model is trained using the mean squared error (MSE):
1
Lise = = Yi—Z4)* 29)
2|ytrain| ( ¢ d> (

d€Yirain

D. Training Schemes

We propose two training schemes, BitTransGNNgy,j. and
BitTransGNNpypamic, to train the BitTransGNN framework.

1) BitTransGNNggatic: The static method considers the
pre-trained quantized transformer module in a fixed state and
conducts training only over the GNN model. The quantized
transformer initializes the embeddings of the document nodes,
and the GNN operates on these node embeddings. GNN only
serves to improve the final outputs without an influence over the
quantized transformer parameters.

2) BitTransGNNpynamic: The dynamic training scheme
jointly trains the quantized transformer model and the GNN.
While GCN is trained with full-batch gradient descent, trans-
former models cannot be trained in that manner due to memory
constraints. Due to this distinction, we modified the training
procedure to train the two models jointly. At each iteration, a
mini-batch of document nodes is sampled from the text graph.
Embeddings of these nodes are updated using the document
embeddings U, outputted by the quantized transformer at that
instance. GNN operates over the updated node features, and the
quantized transformer produces outputs only for those document
instances. Dynamic training also allows us to investigate whether
the quantized model can find better parameters when trained
jointly with a GNN.

E. Inductive BitTransGNN Variants

BitTransGNN is based on an inherently transductive frame-
work. This characteristic arises from the use of a GNN block
with graph convolutional layers operating alongside a quantized
transformer. While this property presents unique advantages in
modeling global relationships, it also imposes a key limitation.
Graph convolutional models learn transformations on node fea-
tures conditioned on a fixed graph structure and cannot generate
embeddings for unseen nodes without retraining. Consequently,
since the adjacency matrix in (19) is defined over the entire
corpus, the GNN block cannot infer on new data instances and
must be retrained on an updated graph containing the additional
word and document nodes. To extend our framework to inductive
problem settings, we propose two methods that encapsulate the
knowledge learned by the joint model into a quantized trans-
former model that can then operate independently in inductive
scenarios, without incurring additional inference cost.

1) Direct Separation (DS): DS detaches the quantized trans-
former and its classifier from BitTransGNN and uses them
directly for inference without any additional training. After DS,
BitTransGNN output takes the following form:

ZBitTrams = Dequant (ﬁseqwcls) . (30)

2) Induction Through Knowledge Distillation (KD): While
DS allows inferring unseen data with zero additional training
and inference costs, since the original optimization objective
is defined over the joint architecture, the transformer might
perform poorly when directly separated from the GNN. We aim
to enhance the performance of the standalone quantized trans-
former through knowledge distillation, a technique in which a
smaller student model learns to replicate the output behavior of
a larger, more expressive teacher model. To this end, we employ
a teacher—student framework where a trained BitTransGNN
variant serves as the teacher and an independent BitTransformer
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as the student model. We apply offline distillation [59], [97] and
only train the student quantized transformer. The intermediate
layers of GNN and transformer are vastly different. Hence, we
only establish correspondence between model output distribu-
tions and use a response-based distillation scheme [59], [98],
[99], [100].

The student model is trained on a combination of distillation
loss and ground truth loss. We compute the distillation loss Lq4
over the logits of the student and the teacher models, and the
ground-truth loss L, over the student model outputs and the
ground-truth labels. The combined loss function £ is formulated
as following:

L=aqlq+ (1 —aq)Lliyruth, 31

where g € [0, 1] is a hyperparameter that determines the influ-
ence of the distillation loss over the joint loss function.

In classification tasks, we use the Kullback-Leibler (KL)
divergence metric to account for the distillation loss. KL diver-
gence measures the difference between two probability distri-
butions. Since we want the student model to mimic the teacher,
we want to minimize the KL divergence between the output
distributions of the two models. For the output probability
distributions of the student model Pg and the teacher model
P, the KL divergence is computed over C' different classes as
follows:

B C
L(Pt,Ps) ZZ Pr)pelog (Ps )bc~

b=1c=1 (PT)bC

In KD, we use a modified softmax function with an additional
temperature hyperparameter 7 to convert model outputs into
probabilities. 7 > 1 softens the output distributions to provide
more information during training. Softmax with temperature is
defined as follows for some matrix Z:

(32)

Z
Softmax,(Z) = Softmax () ) (33)
T

Using this definition, the probability P, for class ¢ of sequence
n is computed as follows:

B
exp((Z)pe/T)

;c—zl Yz exp((Z)or/7)
(34)
The distillation loss between the softened output distributions

of the teacher BitTransGNN and the student BitTransformer is
computed as follows:

Py. = Softmax,(Zy.) =

2

-
Lq = EKL(PT, Ps),

where P71 = Softmax,(Zr) and Pg = Softmax,(Zsg) for
some temperature 7. The distillation loss is scaled by the factor
72 to compensate for the scaling effect of the temperature on
the gradients during backpropagation. In regression tasks, the
distillation loss is defined by the MSE loss between the teacher
and the student model outputs:

(35)

B
L4= i ;((Zﬂb — (Zs)y). (36)

TABLE II
NUMBER OF BITS REQUIRED TO STORE BITTRANSFORMER AND
BITTRANSGNN PARAMETERS IN DIFFERENT QUANTIZATION SCENARIOS

Model Type Model Size (MB) Model Size (Ratio)
BitTransformer

W32E32 438.0 Brransformer
WIE32 106.2 0.2425 Brransformer
W32E1 345.6 0.7891 Brransformer
WIEI1 13.8 0.0316 Brransformer
BitTransGNN

W32E32 444.5 1.0148 Brransformer
WIE32 112.7 0.2572 Brransformer
W32E1 352.1 0.8039 Brransformer
WIEI 20.3 0 -0463BTransformer

F. Efficiency Analysis

We conduct a theoretical analysis to display the potential
efficiency advantages of our architecture in terms of memory
overhead and energy consumption. Below, we summarize the
analysis, and further details on calculations are presented in the
Supplementary Material.

1) Memory Efficiency: The memory required to store the
parameters of BERT-based baseline models and BitTransGNN
variants is listed in Table II for different quantization scenarios.
W{b; }E{b.} refers to an instance where the linear layers are
quantized to b; bits and the embedding module is quantized to b,
bits. The fully quantized configuration (b;, b, ) = (1, 1) requires
32 times less parameter memory compared to its full-precision
counterpart. Despite the additional GNN parameters, the joint
BitTransGNN models remain efficient, as their overhead is
negligible relative to a full-precision transformer. As BitTrans-
GNN variants have comparable sizes to the BitTransformer,
the proposed joint framework and the distillation procedure in
Section III-E2 can be trained in a memory-efficient manner.

2) Energy Efficiency: Table III summarizes the theoretical
energy costs of baseline methods and BERT-based BitTrans-
GNN variants across multiple bit-precisions and data types. The
reported values estimate inference energy for a full dataset pass,
accounting for the arithmetic operations in each forward pass.
Although the results focus on inference, we also distinguish
between BitTransGNNggatic and BitTransGNNpypnamic by their
training costs: the static variant employs the GNN once per
epoch, whereas the dynamic variant uses it at every batch.
During inference, however, both can operate at the same cost
as BitTransGNNgt,¢ic since the quantized transformer remains
unchanged. Energy costs are dataset-dependent; to outline the
worst case, our analysis uses the 20NG dataset, which is the
most computationally demanding. With 32-bit floating-point
precision, transformer quantization to 1-bit/1.58-bit represen-
tations can theoretically halve the energy consumption, and
2-bit/2.32-bit quantization yields about a 1.4x reduction, as
these representations allow for replacing costly multiplication
operations with additions and subtractions. BitTransGNNgtatic
requires negligible additional energy cost relative to quantized
transformer baselines, while BitTransGNNpypamic incurs about
14% more energy expense, since the GCN has to operate over
the full-graph structure at every batch. Despite this additional
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TABLE III
ENERGY CONSUMPTION BY ARITHMETIC OPERATIONS PER EPOCH FOR BITTRANSGNN VARIANTS AND BASELINE METHODS OVER 7 NM PROCESSORS

BitTransformer (J)

BitTransGNNg;atic (1) BitTransGNNpynamic (7)

Bit-Precision  Data Type

Add Mul Total Ratio Add Mul Total Ratio Add Mul Total Ratio
1-bit/1.58-bit 157.828 7.839 165.667  0.465 157.847 7.905 165.752 0466  169.079 46.663 215742 0.606
2-bit/2.32-bit float32 235.689 7.839 243528  0.684  235.708 7.905 243.613  0.684 246941  46.663  293.603  0.825
32-bit 80.042 275.994  356.036  1.000 80.061 276.060  356.121 1.000 91.294 314.817  406.111 1.140
1-bit/1.58-bit int32 12.460 8.856 21.316 0.060 12.462 8.931 21.392 0.060 13.348 52.718 66.067 0.186
2-bit/2.32-bit - 18.607 8.856 27.463 0.077 18.609 8.931 27.539 0.077 19.495 52.718 72214 0.203
1-bit/1.58-bit in8 2.907 0.419 3.326 0.009 2.908 0.422 3.301 0.009 3.115 2.493 5.608 0.016
2-bit/2.32-bit 4.342 0.419 4.761 0.013 4.342 0.422 4.764 0.013 4.549 2.493 7.042 0.020

overhead, all BitTransGNNpyamic variants remain more effi-
cient than full-precision baselines. Processing data with integer-
based representations can further amplify these savings, as the
arithmetic operations of quantized transformers consume over
16 % less energy with 32-bit integers and over 100x less with
8-bit integers. These efficiency gains motivate our adoption of
integer-type quantization in BitTransGNN variants.

IV. EXPERIMENTAL RESULTS!

We describe the datasets in Section IV-A and outline the exper-
imental setup in Section I'V-B. Section IV-C reports model per-
formances against baselines, highlights gains from integrating
PTQ methods into BitTransGNN, and supports the theoretical
efficiency analyses with hardware measurements. Section [V-D
presents ablation and inference time analyses.

A. Datasets

We assessed our method on various language tasks, including
sentence topic classification, sentiment analysis, textual entail-
ment, and semantic similarity. We conducted experiments over
nine benchmark datasets. We used 20 Newsgroups (20NG),
Movie Review (MR), RS, R52 and Ohsumed datasets, as well
as the Recognizing Textual Entailment (RTE), Semantic Textual
Similarity Benchmark (STS-B), Corpus of Linguistic Acceptabil-
ity (CoLA), and Microsoft Research Paraphrase Corpus (MRPC)
tasks from the GLUE benchmark [101].

B. Experimental Setup

We integrate base-sized pre-trained BERT and RoBERTa
models available in Hugging Face Transformers library [102]
into the BitTransGNN architecture. We conduct experiments
with transformers quantized to 1-bit, 1.58-bit, and 2.32-
bit parameter precision using the corresponding quantization
sets listed in Table I. We quantize and fine-tune the pre-
trained transformer models using the strategies presented in
Section III-A3 before integrating them into BitTransGNN. We
ran each experiment with five different seeds and reported the
mean and standard deviation of the results.

We compare our methods against full-precision and quan-
tized transformer models. We use full-precision BERT [2] and
RoBERTa [3] transformers, as well as their quantized variants
that are fine-tuned independently (without GNN integration),

'0ur codes are available at https://github.com/koc-1lab/BitTransGNN

as our baseline models. In our tables, we label the 32-bit full-
precision transformer baselines as BERT (FP32) and RoBERTa
(FP32), and we denote quantized transformer models fine-tuned
without GNN integration as BitTransformer (QAT). We also
report the performance of Outlier Suppression (OS) [71] and
Outlier Suppression+ (OS+) [72], applied to the BERT back-
bone, as advanced post-training quantization baselines to assess
how joint transformer—GNN training compares with more so-
phisticated PTQ techniques. Further details on the experimental
setup, dataset statistics, baseline models, and the ranges of
hyperparameters that we searched through can be found in the
Supplementary Material.

C. Results and Evaluations

1) Main Results: We present the results of transductive
and inductive BitTransGNN methods trained on the listed
language tasks and compare their performances against the
baseline models in Table IV. In the table, the transformer
and BitTransGNN model instances are grouped according to
their backbone and parameter bit-precision. For post-training
quantization (PTQ) baselines (OS and OS+), the same bit-
precision is applied to both weights and activations, and this
bit-precision is shown alongside their labels. For each in-
stance, we report the performance of the joint model vari-
ants BitTransGNNggatic and BitTransGNNpypamic, as well as
the inductive variants DS and KD, which we refer to as
BitTransGNN-DS and BitTransGNN-KD, respectively. DS is
applied only to BitTransSGNNpypnamic, as BitTransGNNggatic
does not train the quantized transformer. During KD, we se-
lect the best-performing instance from BitTransGNNggatic and
BitTransGNNpypamic on the validation set as the teacher, and the
student BitTransformer is quantized to the same bit-precision.
To assess model performances, we report Matthew’s Correlation
for the CoLLA dataset, the F1 score for the MRPC dataset, and
the Pearson Correlation for the STS-B dataset. For the rest of
the tasks, we report the accuracy of each method.

The joint BitTransGNN methods significantly outperform
quantized transformer baselines that are trained withouta GNN’s
collaboration, while requiring only a minor amount of additional
overhead. BERT-based 1-bit BitTransGNNpyyamic Teports
88.48% mean accuracy on the 20NG dataset with A = 0.55,
6.40% higher than its 1-bit BitTransformer counterpart,
and outperforming the full-precision transformer baseline.
Quantization causes severe degradation on some of the
more challenging GLUE tasks, such as CoLA. The 2.32-bit
RoBERTa-based BitTransformer model reports a 25.45%
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TABLE IV
COMPARISON OF BITTRANSGNN METHODS WITH FULL-PRECISION AND QUANTIZED TRANSFORMER BASELINES. THE BEST RESULTS ARE BOLDFACED, THE
SECOND-BEST ARE UNDERLINED, AND THE THIRD-BEST ARE ITALICIZED

Size  Energy 20NG MR R8 R52 Ohsumed CoLA MRPC RTE STS-B
Model MB J Accuracy Accuracy Accuracy Accuracy Accuracy Matthew’s F1 Accuracy Pearson
PTQ Baselines
OS (8-bit) 109.6 356.0 84.56 85.34 97.49 96.22 71.56 58.48 72.61 57.40 86.33
OS (6-bit) 822 356.0 82.58 83.34 97.40 93.57 69.85 56.01 72.18 63.18 87.30
OS (4-bit) 549 356.0 77.78 68.60 96.16 90.50 62.63 16.78 53.74 49.10 62.44
OS+ (8-bit) 109.6 356.0 84.48 85.40 97.72 96.18 71.36 56.01 72.80 55.60 86.30
OS+ (6-bit) 822 356.0 76.14 76.73 95.89 87.89 65.45 41.52 66.49 50.54 85.11
OS+ (4-bit) 54.9 356.0 55.39 57.63 93.19 79.36 52.26 08.07 51.59 47.29 40.02
BitTransGNN
BERT
1-bit
BERT (FP32) 438.0 356.0 85.18 £ 0.41 8588 £ 0.54 97.84 £049 96.14 £0.25 70.88 £0.80 5808+ 233 7289+ 1.34 6599+ 269 89.55 & 0.12
BitTransformer (QAT) 13.8 165.7 82.08 £ 045 7649 £0.56 9736 £0.52 94.89 £ 038 64.18 £0.62 1626 +2.34 51.57 £ 1.83  47.15+ 041 72.88 &+ 1.52
BitTransGNNg¢atic 20.3 165.8 8597 £ 038 7796 £0.16 97.89 £0.10 9577 £0.11 6698 £ 031 1533 +£0.62 47.75+0.73 5329 + 1.57 72.13 4+ 0.02
BitTransGNNpypamic 203 215.7 88.48 £ 0.05 7820+ 0.72 97.73 £0.03 9590 + 0.28  69.86 + 0.23 1834 £2.09 4790 £ 097 49.03 £ 1.64 76.51 + 0.26
BitTransGNN — DS 13.8 165.7 82.75 76.59 97.35 95.64 64.75 17.45 40.73 54.15 75.35
BitTransGNN — KD 13.8 165.7 83.86 £ 028 78.14 £ 085 9742 £032 9571 £035 6643 £1.99 1549 £ 1.31 5094 £ .11 51.62 & 1.47  77.94 &+ 0.75
1.58-bit
BERT (FP32) 438.0 356.0 85.18 £ 0.41 8588 £ 0.54 97.84 £049 96.14 £0.25 70.88 £0.80 5808+ 233 7289+ 1.34 6599 & 269 89.55 & 0.12
BitTransformer (QAT) 21.8 2435 82.66 £ 0.39 7855 £0.58 9757 £033 9516 £ 036 6630 £ 093 21.92 £3.96 4930 £0.82 51.62+£294 77.81 £ 0.86
BitTransGNNg¢atic 282 165.8 87.89 £ 0.17  79.05 £ 0.07 97.87 £0.04 9492 £0.06 70.17 £ 1.00 2244 +0.01 50.11 £0.56 55.60 & 1.55  79.17 & 0.02
BitTransGNNpypamic 282 215.7 8833 £ 0.18 81.16 =043 97.85 £ 0.11 9644 £0.16 6841 £0.71 31.73 £ 247 4857 £2.74 5227 £3.56 7844 + 0.50
BitTransGNN — DS 21.8 165.7 82.58 79.29 97.99 96.30 68.32 36.03 45.42 54.15 78.41
BitTransGNN — KD 21.8 165.7 84.80 £ 033 80.87 £ 035 9756 £ 026 96.11 £0.16 68.76 £ 0.49 3242 £ 1.90 49.88 £2.57 5278 £1.23 8343 +0.34
2.32-bit
BERT (FP32) 438.0 356.0 85.18 £ 041  85.88 4 0.54 97.84 + 049 96.14 + 0.25 70.88 + 0.80  58.08 + 2.33  72.89 + 1.34 6599 + 2.69  89.55 + 0.12
BitTransformer (QAT) 319 165.7 8431 £ 025 8383 £0.18 9759 £032 9574 £0.55 6856 £ 1.12  50.19 £ 2.21  68.08 +2.74  60.00 & 1.98  88.00 & 0.23
BitTransGNNg¢atic 384 243.6 8823 £0.12 8479 £0.12  97.60 £ 0.05 96.61 £ 0.03 7037 £ 0.43 46.03 £ 035 7327 £0.37 61.16 = 0.79  88.58 + 0.01
BitTransGNNpypamic ~ 38.4 293.6 88.78 £ 0.11  84.66 £ 0.51  98.18 £ 0.29  96.73 = 0.23  71.78 = 0.45 54.00 & 0.68  72.69 = 1.28  65.85 = 1.32  89.14 + 0.15
BitTransGNN — DS 319 2435 85.42 84.55 97.53 96.46 58.50 55.79 65.71 67.15 88.96
BitTransGNN — KD 319 2435 8542 £ 0.52 84.64 + 044 97.73 £ 0.07 9624 + 0.15 7191 + 022 5380 + 1.60  71.78 £ 1.70 6534 + 1.51  89.04 + 0.07
RoBERTa
1-bit
RoBERTa (FP32) 498.6 356.0 8343 £0.62 88.89 £0.39 97.67 £055 96.00 £041 71.67 £090 59.87 £ 1.65 80.28 £ 0.59  76.97 + 2.74  90.48 + 0.35
BitTransformer (QAT) 15.7 165.7 7835+ 036  76.12 4042 9742 4+ 0.52 9435+ 0.76 5938 &+ 1.51  08.56 £ 1.37 4921 £+ 1.68 4852 + 1.46  34.67 £ 0.70
BitTransGNNg¢atic 222 165.8 87.03 £ 022 7890 £ 0.14  97.75 £ 0.04 9504 £0.02 67.24 £ 033 1056 £ 0.53  50.33 £ 0.01  48.66 + 0.16  33.70 + 0.06
BitTransGNNpynamic 222 215.7 8599 £ 0.64 7797 £0.79 9637 £0.72  93.37 £0.37 66.77 £ 0.74  9.78 £+ 0.85 5029 £ 229 4852 £2.02 3726 £ 2.12
BitTransGNN — DS 15.7 165.7 75.45 75.49 96.53 92.64 49.79 1431 50.00 55.60 29.58
BitTransGNN — KD 15.7 165.7 7875+ 0.83  76.79 + 040  96.55 + 0.36 9427 = 0.24 6185 £ 0.58 1130 = 1.37  50.05 = 1.84 47.87 £ 098 31.52 £ 1.12
1.58-bit
RoBERTa (FP32) 498.6 356.0 8343 £0.62 88.89 £0.39 97.67 £055 96.00 £041 71.67 £090 59.87 £ 1.65 80.28 £ 0.59 76.97 + 2.74  90.48 + 0.35
BitTransformer (QAT) 24.8 165.7 80.11 £ 1.00  79.63 £ 027 9755 £ 034 9530 +£040 63.78 £0.93 18.06 +2.63 50.79 + 1.88 51.19 +2.52  55.64 4+ 2.23
BitTransGNNg¢atic 312 165.8 86.56 + 020 80.35 £ 0.06 9812 £ 0.11 9552 +0.07 67.68 £0.17 17.71 £0.01 4883 + 1.32 5336 + 0.30  57.84 4 0.03
BitTransGNNpynamic ~ 31.2 215.7 8744 £0.26 80.69 £ 0.38  97.75 £ 0.11  95.60 & 0.28  68.79 4+ 2.34  18.00 + 0.84  48.14 £ 1.28 51.84 £ 277 57.72 £ 0.92
BitTransGNN — DS 24.8 165.7 78.96 78.59 97.58 95.68 65.22 16.20 47.66 53.07 56.44
BitTransGNN — KD 24.8 165.7 81.36 £ 034  80.15£0.73 9791 £027 9577 £0.19 67.86 £0.19 23.02+ 1.82 50.63 £ 1.09 49.10 = 1.84  59.41 & 1.58
2.32-bit
RoBERTa (FP32) 498.6 356.0 8343 £0.62 88.89 £0.39 97.67 £055 96.00 £041 71.67 £090 59.87 £ 1.65 80.28 £ 0.59 76.97 + 2.74  90.48 + 0.35
BitTransformer (QAT) 36.3 2435 8197 £ 1.13 8358 £0.75 97.68 £0.27 95.11 £ 047 65.66 £ 1.24 3542 +3.61 5265+ 093 5054+ 175 77.54 4+ 1.83
BitTransGNNg¢atic 42.8 243.6 87.81 £ 025 84.61 £0.02 9757 £0.01 9550 £ 0.03 6847 £ 122 41.64 +£0.01 51.86 + .14 51.84 +0.20 79.42 4+ 0.02
BitTransGNNpynamic 428 293.6 88.37 £ 0.28 8571 +0.33 9819 + 0.11 9598 + 0.28  72.14 + 0.68 53.66 + 1.83 5193 279 5191 + 123 8276 £+ 0.57
BitTransGNN — DS 36.3 243.5 81.73 84.89 97.76 96.30 67.15 48.58 48.83 47.65 83.35
BitTransGNN — KD 36.3 2435 82.80 £0.19 8522 £036 9791 £0.17 9622 £0.13  70.68 £ 041 5322+ 1.29 50.89 +£3.17 51.124+ 238 87.04 & 0.57

decrease in Matthew’s correlation metric. The corresponding
BitTransGNNpyamic model significantly restores the loss in
performance, outperforming the BitTransformer by 18.24%.
BitTransGNNg¢atic proves almost as equally effective as its
dynamic equivalent despite its much lower energy cost. As
an example, the BERT-based 2.32-bit BitTransGNNgatic
surpasses the BitTransformer performance by 5.19% on the
MRPC task, matching full-precision model accuracy.

Inductive BitTransGNN variants also show significant
improvements over quantized transformer baselines, despite
having identical inference costs. DS improves quantized
transformer performance across nearly all tasks. The 2.32-bit
BERT-based BitTransGNN-DS outperforms a BitTransformer
model by 7.15% on the RTE dataset. Benefiting from additional
supervision, KD excels even beyond DS in most tasks and con-
sistently enhances quantized transformer training. The 2.32-bit
RoBERTa-based BitTransGNN-KD surpasses the correspond-
ing BitTransformer by 9.50% on the STS-B task. These results
demonstrate that the proposed methods effectively transfer
global information into quantized transformers, enhancing their

representational capabilities. Moreover, both inductive variants
encapsulate a notable amount of the joint method’s knowledge
representation within a standalone quantized transformer,
achieving competitive performance with full-precision models
despite the representational limitations imposed by quantization.
We performed a paired one-sided t-test for statistical
significance. Most of the test results are statistically significant
with p values of p < 0.005 and even p < 0.001 for some cases,
with only a few marginal or non-significant cases. Further details
of statistical tests are presented in the Supplementary Material.

2) Cost-Performance Tradeoff: To evaluate the cost-
performance tradeoff, we provide a visual comparison of
BitTransGNN variants and baseline models on the 20NG dataset
in terms of accuracy and theoretical memory and energy costs in
Fig. 2. We also include the BERTGCN model from [54] in these
plots as a full-precision reference for BitTransGNNpynamic-
The joint BitTransGNN models generally occupy the regions
of the plots that correspond to lower memory and higher
performance, as they outperform BitTransformers and require
substantially less memory than full-precision baselines.
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Performance of BitTransGNN variants and baseline methods on the 20NG dataset, showing test accuracy versus memory consumption (left) and energy

consumption (right). The x-axis in the left plot is shown on a log, scale to better distinguish between quantized and full-precision memory consumption.

Inductive variants KD and DS methods are placed slightly
lower, as they lose some performance while trying to confine
the knowledge of BitTransGNN within a standalone quantized
transformer. Despite such a drop, they still perform close to
the full-precision transformer with much smaller memory
costs. Examining the model performances against energy
consumptions per epoch, it can be observed that the transformer
models quantized to low-bit precision consume significantly less
energy during inference. DS and KD methods benefit from this
efficiency while maintaining competitive performance against
full-precision transformers. BitTransGNNgyati. outperforms
BitTransformers with negligible additional energy costs,
whereas BitTransGNNpy,qmic achieves higher accuracy,
although at a higher energy cost due to the GNN’s use in every
batch. Despite this drawback, all BitTransGNN p ;4 models
still consume less energy than full-precision transformers across
all datasets. Further comparisons of energy costs using int32
and int8 data types, as well as visualizations of BitTransGNN’s
output representations, are provided in the Supplementary
Material.

3) Integrating PTQ Methods Into BitTransGNN: BitTrans-
GNN performs comparably to full-precision transformers and
PTQ baselines quantized to higher bit-widths. However, one
might question whether the gains attained from the GNN inte-
gration could be achieved simply through more sophisticated
quantization techniques. To examine this, we incorporated the
quantized transformers produced by OS and OS+ into the
BitTransGNN framework and evaluated whether our proposed
method could further improve their performance. The results,
summarized in Table V, show that both transductive and induc-
tive BitTransGNN variants consistently enhance the accuracy
of OS and OS+ baselines across all quantization settings. The
8-bit variants even match or exceed the full-precision trans-
former performance. The 6-bit PTQ baselines suffer a more
notable decrease in model performance due to lower bit-width,
and the BitTransGNN framework effectively compensates for
the degradations stemming from quantization. These findings
demonstrate that the benefits of BitTransGNN extend beyond
improvements in quantization methodology, highlighting its
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Fig. 3. Accuracy of BERT-based BitTransGNNgtatic on the MR dataset
against varying values of X listed for different quantization rates.

flexibility and compatibility with existing quantization tech-
niques for achieving superior overall performance.

4) Hyperparameter Analysis: To evaluate the impact of the
integration module on BitTransGNN performance, we analyze
the effect of the hyperparameter A, which controls the balance
between BitTransformer and GNN outputs. Fig. 3 presents
BitTransGNNgg,ic performance on the MR dataset across dif-
ferent quantization rates and A values. The 1-bit BitTransGNN
relies most heavily on the GNN, with about 85% of its pre-
dictions derived from it, whereas higher-bit models draw only
30-50% of their outputs from the GNN. Although not a strict
rule, a clear trend emerges: lower-precision transformers benefit
from larger A, while models with higher bit-widths depend less
on the GNN. This trend suggests that BitTransGNN’s depen-
dence on the GNN varies with the representational capacity of
the quantized transformer. The sensitivity to A is further reflected
in the DS method. While it generally improves BitTransformer
performance, it performs worse on the Ohsumed task for 1-
bit RoOBERTa- and 2.32-bit BERT-based BitTransGNN. Both
operate with A = 1.0, where the model relies solely on the
GNN for predictions. This example highlights the importance of
maintaining transformer participation at the prediction stage if
the GNN is omitted after training. It should be noted that dataset
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TABLE V
PERFORMANCE OF BITTRANSGNN METHODS APPLIED TO BERT-BASED PTQ BASELINES. THE BEST RESULTS ARE BOLDFACED

Size  Energy 20NG MR R8 R52 Ohsumed CoLA MRPC RTE STS-B
Model MB ] Accuracy Accuracy Accuracy Accuracy Accuracy Matthew’s Fl1 Accuracy Pearson
Full-Precision
BERT (FP32) 438.0 356.0 85.18 £ 0.41 8588 £0.54 97.84 £ 049 96.14 £ 025 7088 £ 0.80 58.08 £ 233 72.89 £ 1.34  65.99 £ 2.69 89.55 £ 0.12
BitTransGNN
(o)
8-bit
PTQ Baseline 109.6 356.0 84.56 85.34 97.49 96.22 71.56 58.48 72.61 57.40 86.33
BitTransGNNg¢atic 116.1 356.1 88.69 + 0.13  86.33 £ 0.11  98.01 = 0.05 96.18 £ 0.17 7195 £ 0.12 56.86 £ 0.16  72.39 + 0.46  63.47 + 047 87.41 £ 0.06
BitTransGNNpynamic ~ 116.1 406.1 88.51 £0.20 8598 £ 0.28 98.02 + 0.15 9697 £+ 0.16 71.82 £ 0.26  57.56 £ 244  72.62 £2.15 6433 £438 89.72 + 0.12
BitTransGNN — DS 109.6 356.0 85.33 85.34 97.81 96.69 70.24 57.02 68.54 67.87 89.85
BitTransGNN — KD 109.6 356.0 8580 £ 0.17 8586 £ 021 9772 £0.16 96.81 £ 0.06 7192+ 036 5679 £ 1.11  71.19 £ 1.57 67.29 £ 0.94 89.67 £ 0.14
6-bit
PTQ Baseline 109.6 356.0 82.58 83.34 97.40 93.57 69.85 56.01 72.18 63.18 87.30
BitTransGNNg¢atic 116.1 356.1 87.65 £ 0.18 8415+ 0.09 9773 £ 0.08 9342 + 024 7198 +£0.76 5504 £ 0.14 7251 £0.14 61.16 £ 1.50  88.97 & 0.01
BitTransGNNpynamic ~ 116.1 406.1 88.59 £ 0.08 8585 £ 037 9797 £032 9670 £0.10 7175 £ 0.67 56.46 £ 224 7258 £ 1.56 6527 £ 2.17  89.62 £ 0.09
BitTransGNN — DS 109.6 356.0 85.37 85.09 97.62 96.50 70.57 55.54 7171 65.71 89.54
BitTransGNN — KD 109.6 356.0 8540 £ 030 8541 £047 9776 £ 0.11 9685 £ 0.16 7170 £ 0.55 56.46 £ 1.74 7271 £ 099 66.35 = 1.90  89.51 £ 0.07
OS+
8-bit
PTQ Baseline 109.6 356.0 84.48 85.40 97.72 96.18 71.36 56.01 72.80 55.60 86.30
BitTransGNNs¢atic 116.1 356.1 88.77 £ 0.19 8627 £ 021 9795 £0.02 96.10 £0.08 72.00 £ 0.36 5507 £031 71.86 £ 031 6029 +0.72 86.81 £ 0.07
BitTransGNNpynamic  116.1 406.1 88.67 £ 0.15 8593 £ 035 98.07 £023 9693 £ 0.16 71.74 £ 049 5755 £ 1.13 7235+ 1.84 6744 + 148 89.58 £ 0.12
BitTransGNN — DS 109.6 356.0 85.28 84.64 97.90 96.85 69.35 58.67 72.63 69.68 89.67
BitTransGNN — KD 109.6 356.0 8579 £ 0.11 8570 £0.16 9750 £ 0.17 9674 £ 0.18  71.86 £ 0.37 57.82 £ 1.39  72.86 £ 1.25 6643 + 1.42  89.56 £ 0.09
6-bit
PTQ Baseline 822 356.0 76.14 76.73 95.89 87.89 65.45 41.52 66.49 50.54 85.11
BitTransGNNs¢atic 88.7 356.1 86.98 £ 031 7938 £ 0.11  97.21 £0.09 90.03 £ 0.38 7028 £ 0.73  41.53 £ 0.06 6746 £ 020 60.36 = 1.00  86.34 & 0.03
BitTransGNN Dy namic 88.7 406.1 88.38 +£ 024 8493 £ 035 9811 £ 042 96.69 £ 0.13 7177 + 024 5401 £ 195 7277 £ 1.19 67.08 + 1.48  89.03 £ 0.27
BitTransGNN — DS 822 356.0 85.16 85.23 97.72 96.57 69.75 52.49 73.33 64.98 89.09
BitTransGNN — KD 822 356.0 8536 £ 0.14 8530 £ 038 9772 £ 0.08 96.65 £ 026 7132 £ 0.66 5335 £ 1.17 7052 £2.99 6585+ 1.78 89.01 £ 0.13

TABLE VI

INFERENCE TIME, POWER, AND ENERGY CONSUMPTION OF FULL-PRECISION AND QUANTIZED (INT8) TRANSFORMER VARIANTS, WITH AND WITHOUT GNN
INTEGRATION, MEASURED ON CPU AND GPU. QUANTIZED MODELS EMPLOY SPECIALIZED MATRIX-MULTIPLICATION KERNELS

MRPC Ohsumed CoLA 20NG

CPU GPU CPU GPU CPU GPU CPU GPU
Model Time (s) | Power (W) |  Energy (J) |  Time (s) |  Power (W) |  Energy (J) | Time (s) ] Power (W) | Energy (J) | Time(s)| Power (W) ] Energy (J) |
Full-Precision
Transformer 26.04 293.83 548.60 21.35 24221 403.16 51.80 231.98 959.43 71.09 251.69 1357.16
Transformer + GNN 26.24 292.89 553.98 22.01 240.16 423.64 51.87 23191 961.56 74.36 248.20 1445.66
Quantized (INTS)
Transformer 19.85 219.37 452.86 16.15 197.85 351.79 41.19 197.73 864.30 55.50 203.65 1162.61
Transformer + GNN 20.03 219.37 458.10 16.81 198.12 372.02 41.26 197.74 866.45 58.82 203.55 1250.94

characteristics also affect optimal A, as no single value yields
the best results across all tasks.

5) Hardware Measurements: To complement the theoretical
analysis in Section III-F assessing the computational efficiency
of BitTransGNN, we conducted hardware measurements. We
employed PyTorch’s dynamic quantization backend [103] to
evaluate inference time on CPU and bitsandbytes [68], [69] to
measure energy consumption and average power usage on GPU.
Results for full-precision and quantized Transformer variants,
both standalone and integrated with a GNN, are reported in
Table VI. Using BERT as the transformer backbone, we mea-
sured each metric over a full forward pass on the test set.
Quantization reduced CPU inference time by up to 23% on
the MRPC dataset. It has lowered average power usage on the
GPU by more than 20% in all tasks. These results validate our
theoretical estimates, showing that quantization effectively off-
sets the additional computations introduced by the GNN. While
highlighting the potential of BitTransGNN, current toolkits re-
main limited to 8-bit parameter representations. Future hardware
developments will be key to realizing the benefits of lower-bit
precisions and further exploiting the efficiency advantages of
BitTransGNN [68], [69], [70].

D. Ablation Studies

We conducted a set of ablation experiments to examine the
significance of different design choices on the effectiveness of
our proposed models.

1) Graph Construction: To assess the contribution of differ-
ent sub-components within the proposed graph structure of (19),
we conduct an ablation study comparing BitTransGNN variants
trained with different adjacency configurations. In each setting,
specific edge types in the adjacency matrix are masked. We eval-
uate four configurations: the full adjacency (A = A(D); the
graph without document—document edges (A = A(~G%); the
graph without word-word edges (A = A(~G")): and the graph
containing only document nodes (A = G). Table VII reports
both model performance and total inference duration over the
entire dataset for each configuration. For text classification tasks
with large vocabularies, such as 20NG and Ohsumed, omitting
word nodes leads to significantly faster inference. However,
models trained with graphs only containing document nodes
exhibit the lowest performance in these tasks, as the absence of
word-word and word—document relations restricts information
flow and creates a bottleneck at document nodes. This highlights
a trade-off between efficiency and representational richness
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REPORTED AS SEPARATED BY “+”. “**” DENOTES OUR MAIN CONFIGURATION. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD

TABLE VII
PERFORMANCE AND INFERENCE DURATION OF BERT-BASED BITTRANSGNN VARIANTS TRAINED WITH DIFFERENT ADJACENCY MATRICES. FOR BITTRANSGNN
VARIANTS, THE INFERENCE TIME OF THE TRANSFORMER’S EMBEDDING EXTRACTION PHASE AND THE PER-EPOCH COMPUTATIONS OF THE JOINT MODEL ARE

20NG MR Ohsumed STS-B

Model Duration (s) Accuracy Duration (s) Accuracy Duration (s) Accuracy Duration (s) Pearson
A =0 (No GNN)
BitTransformer 22.19 82.08 + 0.45 12.56 76.49 + 0.56 8.70 64.18 + 0.62 8.56 72.88 + 1.52
A = A(full)ss
BitTransGNNg¢atic 22.19 + 0.090 8597 £ 0.38 1256 + 0.0072  77.96 + 0.16  8.70 + 0.026  66.98 £+ 0.31  8.56 + 0.0049  72.13 + 0.02
BitTransGNNpynamic ~ 22.19 + 7422 8848 £ 0.05  12.56 + 14.64 7820 £ 0.72 870 + 1450  69.86 &+ 0.23  8.56 +20.99  76.51 £ 0.26
A = A(-Gs)
BitTransGNNsgatic 22.19 + 0.088  86.16 £ 0.37  12.56 + 0.0063 ~ 78.03 = 0.19  8.70 + 0.025  66.85 £ 0.75  8.56 + 0.0044  72.16 £ 0.02
BitTransGNNpynamic ~ 22.19 + 73.01 88.34 + 0.29 1256 + 14.34 7839 £ 0.31 870 + 1430  69.76 £ 0.50  8.56 + 20.94  76.83 £+ 0.70
A =ACGw
BitTransGNNsgatic 22.19 +0.020  86.41 £ 029  12.56 + 0.0045  77.82 + 029  8.70 + 0.0049  67.75 £ 0.68  8.56 + 0.0033  72.32 + 0.03
BitTransGNNpypamic ~ 22.19 +33.14  88.61 & 0.22 12.56 + 13.77  78.09 £ 0.36 8.70 + 9.62 69.48 £ 034 856 +20.24 7777 +£ 0.73
A =Gs
BitTransGNNs¢atic 22.19 + 0.0041 8558 £ 0.12  12.56 + 0.0024  77.47 £ 0.08  8.70 + 0.0021  65.13 £ 0.65  8.56 + 0.0022  72.08 + 0.01
BitTransGNNpynamic ~ 22.19 +23.53  84.45 + 0.44 12.56 + 1296 77.48 + 0.90 8.70 + 8.93 66.65 £ 0.54 856 +20.09  78.11 & 0.40

TABLE VIII

PERFORMANCE OF BERT-BASED TRANSFORMERS AND BITTRANSGNN
VARIANTS UNDER DIFFERENT QUANTIZATION CONFIGURATIONS.
W{b; }E{be } A{bg } INDICATES THE BIT-PRECISION OF LINEAR
TRANSFORMATION (b;), EMBEDDING PARAMETERS (b.) AND ACTIVATIONS
(bg). “**” DENOTES OUR MAIN CONFIGURATION

Size Energy 20NG MR Ohsumed RTE
Model MB J Accuracy Accuracy Accuracy Accuracy
W32E32A32
Transformer 438.0 356.0 85.18 £ 041 85.88 +0.54 70.88 + 0.80 6599 + 2.69
WIE32A8
BitTransformer 106.2 165.7 81.49 £ 046 7692 + 0.56 63.34 4+ 1.00 50.47 + 3.08
BitTransGNNs¢atic 112.7 165.8 86.26 + 0.27  78.64 £ 0.10  69.36 £ 0.50  54.01 + 0.41
BitTransGNNpynamic 1127 2157 88.65 £0.08  79.27 4 022 6890 £ 1.20  53.43 + 1.28
BitTransGNN — DS 106.2 165.7 82.97 77.12 66.41 49.10
BitTransGNN — KD  106.2 165.7 84.77 £ 023 7847 £045 69.46 £ 030 51.77 + 1.82
WIE1A8#*
BitTransformer 13.8 165.7 82.08 £ 045 7649 £0.56 64.18 £ 0.62 47.15 + 0.41
BitTransGNNggatic 20.3 165.8 8597 £ 038 7796 £0.16 6698 + 031 5329 + 1.57
BitTransGNNpypamic 203 2157 8848 + 005 7820 4+ 072  69.86 + 023  49.03 + 1.64
BitTransGNN — DS 13.8 165.7 82.75 76.59 64.75 54.15
BitTransGNN — KD 13.8 165.7 83.86 £ 028 78.14 £ 085 6643 £199 51.62 + 147
WIEIA1
BitTransformer 13.8 165.7 7213 &£ 1.74  76.03 £ 041 4519 £ 2.15 49.82 £ 228
BitTransGNNs¢atic 20.3 165.8 81.87 £0.77 78.09 £ 0.09 5346 £+ 1.60 5437 + 1.04
BitTransGNNDynamic 20.3 215.7 81.51 £0.92 76.83 +0.30 5322+ 0.68 51.26 + 1.61
BitTransGNN — DS 13.8 165.7 72.54 74.51 41.41 50.18
BitTransGNN — KD 13.8 165.7 74.57 £ 036 76.50 £ 0.46  49.09 £+ 0.44 5134 £ 1.15

in graph construction. As a contrasting case, on the STS-B
task, BitTransGNN models achieve higher performance when
the word nodes are eliminated from the text-graph; however,
the corresponding reduction in inference duration is much less
pronounced than in other tasks.

2) Quantization Configuration: To evaluate the sensitivity of
different BitTransGNN components to quantization, we conduct
an ablation study across multiple bit-width configurations. We
denote each configuration as W{b; }E{b.}A{b, }, where by, b,,
and b, are the bit precision of linear transformation weights, em-
bedding parameters, and activation signals, respectively. The re-
sults are presented in Table VIII. Embedding quantization causes
only minor performance loss in moderately sized transformers
such as BERT. Consequently, the main configuration in our study
(WI1E1A8) performs comparably to the mixed-precision setup
(W1E32A8) while requiring substantially less memory. Con-
versely, the fully binarized configuration (W1E1A1) minimizes
arithmetic costs but suffers a sharp degradation in accuracy.
Although BitTransGNN variants still outperform their corre-
sponding transformer baselines under extreme quantization,
the performance gap to full-precision models becomes more

pronounced. Overall, these observations support the choice of
the WIE1AS8 configuration as a balanced trade-off between
model performance and computational efficiency.

V. DISCUSSION

The core inspiration of BitTransGNN stemmed from the
conjecture that transformer models and GNNs capture different
characteristics of data: transformers model relatively local con-
textual semantics, while GNNs are successful in representing
global relationships that can be extracted from the entirety of
data. The synergy between the two is what makes it possible
to obtain improvements in performance without substantial in-
creases in cost. To validate this premise, we apply Represen-
tational Similarity Analysis (RSA) [104] on the final logits of
the BitTransformer, ZBimam, and the GNN module, Zgny - To
conduct RSA, we create a similarity matrix among the means
of each class representation by computing pair-wise distances
within the two logits. We stacked the similarity matrices of the
two methods to construct similarity profiles and implemented
Principal Component Analysis (PCA) on these profiles to com-
pare the representational focus of the BitTransformer and the
GNN. We display the first two principal components (PCs)
in Fig. 4. The PCs of the BitTransformer and GNN output
representations are clearly segregated into two clusters, which
are easily separable, as they are situated far apart along the axis
corresponding to the first PC. This shows that the BitTransformer
and the GNN modules focus on highly distinctive features while
constructing their outputs, providing insight into the success of
the BitTransGNN and how the GNN module compensates for
the shortcomings of transformer models to improve quantized
transformer training.

We employed graph-convolutional layers in our GNN blocks
due to their effectiveness in modeling relationships between
corpus elements and their suitability for the datasets considered
in this work. A potential drawback of this design is that GCN
layers can become inefficient when applied to very large or
dense graphs. In our experiments, the 20NG dataset represented
the largest graph structure, where full-graph training remained
tractable. However, scaling to graphs with millions of nodes
would pose challenges since standard GCNs operate over the
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Fig. 4. PCA analysis on the similarity profiles of the logits of BitTransformer

and GNN modules within a BERT-based 1-bit BitTransGNNpypamic model
trained on the 20NG task. The importance profiles are computed using RSA.

entire adjacency matrix and do not support mini-batch training.
In such settings, established strategies such as neighborhood
sampling [38], subgraph sampling [105], or cluster-based sam-
pling [106] can be used to enable efficient training through
partitioned batches, thereby avoiding full-graph propagation at
each iteration. Enabling mini-batch training can also mitigate
the computational overhead of BitTransGNNpynamic, which in
its current form depends on a full-batch GCN and therefore
reprocesses the entire graph at each training iteration.

The use of graph-convolutional layers imposes a transductive
characteristic on BitTransGNN, since the GCN block operates
over a fixed graph structure. In small-scale settings where all
nodes are known during training, the GCN can exploit full
graph connectivity, including unlabeled nodes, to learn stronger
embeddings and often outperform sampling-based methods.
Alternatives such as GraphSAGE [38] provide inductive capa-
bility and scale well to very large graphs, but their reliance
on local neighborhood sampling can reduce performance on
smaller graphs where full-batch training is feasible. For these
reasons, we used the GCN model instead of an inductive GNN
alternative. To address the limitations of transductive inference,
we proposed methods in Section III-E that adapt BitTransGNN
to inductive scenarios. Where the joint setting is strictly required
to be inductive, the GCN can be replaced by alternative GNN
modules that support inductive inference, without altering the
overall design.

While our experiments focus on sequence-level classification
and regression, BitTransGNN is not inherently restricted to
these, and can be adapted to generative tasks such as next-token
prediction. To align the GNN model with the causal nature
of autoregressive prediction, graph construction should enforce
directed edges that connect each token only to its preceding con-
text. In this way, the quantized transformer block can continue
to capture local dependencies within its self-attention window,
while the GNN block can provide complementary information
beyond the self-attention window, thereby enriching long-range
modeling for generation. Building on BitTransGNN’s demon-
strated compatibility with advanced PTQ methods, future exten-
sions can integrate recent quantization techniques designed for

generative tasks, including SpinQuant [73] and LeanQuant [74].
However, very large-scale corpora would introduce additional
efficiency challenges, which can be mitigated by the sampling-
based techniques discussed above. We leave exploration of
generative applications to future work, but emphasize that the
collaborative framework is applicable to both discriminative and
generative tasks.

VI. CONCLUSION

We introduced BitTransGNN to improve quantized
transformers by integrating a GNN during training.
BitTransGNN compensates for the performance loss arising
from quantization by supplying the transformer with global
context, which is modeled by a GNN module, that attention
has difficulty capturing. To extend BitTransGNN beyond its
transductive nature, we also proposed two inductive variants
that encapsulate the joint model’s knowledge into standalone
quantized transformers, enabling inference with zero additional
cost. Its inductive variants further encapsulate the knowledge
learned by the joint BitTransGNN into standalone quantized
transformers, achieving notable gains over quantized baselines
with zero additional inference cost.

Through theoretical analysis, we demonstrated the strong
potential of low-bit quantization to reduce transformer memory
and energy costs, and showed that BitTransGNN can leverage
these efficiency gains while outperforming quantized baselines.
Hardware measurements supported these findings, even under
current kernel constraints, and future advances in quantization
toolkits and hardware-specific kernels are expected to further
enhance the practical efficiency of our design.

Across multiple sequence-level language benchmarks, we
experimentally demonstrated that BitTransGNN consistently
outperforms quantized transformers trained without GNN as-
sistance while introducing only minor additional overhead, and
achieves performance comparable to full-precision baselines.
Moreover, by incorporating PTQ baselines into our framework,
we demonstrated that BitTransGNN yields complementary im-
provements beyond those achievable through state-of-the-art
quantization techniques alone.

The synergy between transformers and GNNs in capturing
different aspects of data underlies our approach to mitigating
the cost-accuracy trade-off arising from quantization, which we
experimentally validated using the RSA technique.

Our findings highlight a promising new direction, showing
that modeling global relationships across data entities can en-
hance the expressivity of quantized transformers without com-
promising efficiency. Future work may extend this framework to
larger-scale settings and generalize its application to generative
tasks and to modalities beyond language.
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