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Abstract — Low-precision arithmetic has emerged as a
promising strategy for enabling efficient deployment of deep
learning models on resource-constrained platforms. While
quantization has been extensively explored in vision and speech
models, the effect of low-bit numerical formats on Graph Neural
Networks (GNNs)—particularly for affective computing tasks
remains insufficiently studied. Emotion recognition from
conversational data requires capturing subtle semantic and
relational cues, making precision reduction potentially
challenging. This work investigates the impact of 8-bit floating-
point (FP8) and 8-bit fixed-point (FxP8) quantization on the
performance of GNN-based emotion recognition systems.

Experiments are conducted on the IEMOCAP benchmark
using the CogMEN architecture, a GNN model designed for
conversational emotion understanding. Quantization is applied to
model weights and activations during inference, and model
performance is assessed using classification accuracy and macro-
F1 score, both critical metrics for emotion recognition.

The results show that FP8 quantization consistently
outperforms FxP8, demonstrating superior accuracy retention due
to its wider dynamic range and improved numerical stability.
Although FxP8 exhibits a modest performance degradation, it
remains a viable solution for highly resource constrained
deployments owing to its simpler arithmetic and lower hardware
complexity. These findings highlight the trade-offs between
numerical robustness and implementation efficiency when
deploying GNN-based emotion recognition systems on edge and
embedded platforms.
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I. INTRODUCTION

Recent advances in deep learning have enabled
significant progress in affective computing, particularly in
emotion recognition from conversational and multimodal
data. Among the various model families, Graph Neural
Networks (GNNs) have emerged as a powerful paradigm
for modeling relational and contextual dependencies,
allowing interactions between speakers, utterances, and
temporal structures to be explicitly represented.
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Such capabilities are crucial for conversational emotion
recognition, where emotional states are influenced not only
by individual utterances but also by their semantic,
temporal, and interpersonal relationships [1-5].

Despite their strong representational capacity, GNN-
based models typically rely on high-precision floating-
point arithmetic (e.g., FP32), which incurs substantial
computational, memory, and energy costs. These
requirements limit the deployment of emotion recognition
systems on resource-constrained platforms such as mobile
devices, edge servers, and embedded systems.
Consequently, reducing numerical precision through
quantization has become an important research direction
for enabling efficient inference while maintaining
acceptable predictive performance [5, 6].

Quantization techniques aim to replace high-precision
arithmetic with lower-bit numerical formats, reducing
memory footprint and computational complexity. Prior
work has demonstrated that low-precision representations,
including fixed-point and floating-point formats with
reduced bit width, can achieve competitive performance in
computer vision and speech recognition tasks. However,
the behavior of quantized arithmetic in GNNs remains less
understood. In contrast to convolutional or recurrent
architectures, GNNs involve iterative message passing,
aggregation operations, and non-linear transformations
over graph structures, which can amplify numerical errors
and make them particularly sensitive to reduced precision
[6-11].

This sensitivity is especially relevant in affective
computing tasks such as emotion recognition, where subtle
variations in semantic and relational cues can significantly
impact classification outcomes. Emotion recognition from
conversational data requires the model to capture nuanced
emotional dynamics across speakers and dialogue turns. As
a result, aggressive precision reduction may degrade the
model’s ability to preserve fine-grained emotional
information, potentially leading to performance loss.
Understanding how different low-precision formats affect
GNN-based emotion recognition is therefore essential for
reliable real-world deployment [11-12].

Among low-precision formats, 8-bit fixed-point (FxPS8)
and 8-bit floating-point (FP8) representations represent two
fundamentally  different approaches to numerical
compression. FxP8 offers a simple and hardware-friendly
arithmetic model with minimal implementation overhead,
making it attractive for highly constrained platforms.
However, its limited dynamic range may lead to saturation



and quantization errors in graph computations. FP8, on the
other hand, provides a wider dynamic range through
exponent-based representation, improving numerical
stability at the cost of slightly more complex hardware
support [7]. While FP8 has recently gained attention in
high-performance accelerators, its advantages over FxP8 in
GNN-based affective computing remain underexplored [6-
9, 13,14].

This work presents a systematic empirical analysis of 8-
bit floating-point (FP8) and 8-bit fixed-point (FxP8)
quantization applied to GNN based emotion recognition,
aiming to clarify the trade-offs between numerical
precision, accuracy retention, and hardware efficiency in
low-bit inference. Using the CogMEN architecture, a state-
of-the-art GNN model for conversational emotion
understanding, quantization is applied to both model
weights and activations during inference and evaluated on
the widely wused IEMOCAP benchmark. Model
performance is assessed using classification accuracy and
macro-F1 score, which are critical metrics for affective
computing tasks. The experimental results demonstrate that
FP8 quantization achieves superior preservation of
predictive performance due to its wider dynamic range and
improved numerical stability, while FxP8 exhibits a modest
degradation in accuracy and F1 score but remains a viable
solution for highly resource-constrained deployments
because of its simpler arithmetic, lower implementation
complexity, and reduced computational and memory
requirements. Collectively, these findings provide practical
insight into the suitability of low-precision numerical
formats for efficient and reliable GNN-based emotion
recognition in real-time affective computing and edge-Al
applications [10-12].

The remainder of the paper is organized as follows:
Section 2 presents theoretical background on emotional
recognition architectures and fixed and floating point
quantization; Section 3 outlines the experimental
methodology with results while Section 4 concludes the
paper and identifies directions for future research.

II. THEORETICAL BACKGROUND

Emotion recognition aims to identify the emotional
state expressed in human communication and plays a
central role in affective computing, human—computer
interaction, and intelligent dialogue systems. In
conversational settings, emotional expression is inherently
contextual and relational, as the emotion conveyed by an
utterance is influenced not only by its semantic content but
also by preceding dialogue turns, speaker interactions, and
temporal dependencies. Consequently, effective emotion
recognition systems must model both linguistic information
and the structured relationships among conversational
elements. Early approaches to conversational emotion
recognition relied on recurrent neural networks and
attention-based models to capture temporal dependencies
across dialogue sequences [15]. While these architectures

successfully model sequential information, they are limited
in their ability to explicitly represent complex relational
structures such as speaker interactions and long-range
contextual dependencies. To address these limitations,
Graph Neural Networks (GNNs) have been introduced as a
natural framework for conversational emotion modeling,
where utterances and speakers can be represented as nodes,
and their interactions as edges in a graph structure [3, 6-9].

Graph Neural Networks extend deep learning to graph
structured data through message passing between
connected nodes. In conversational emotion recognition,
GNNs aggregate contextual and relational information
across dialogue turns and speaker interactions, yielding
richer representations than purely sequential models. Node
representations, typically derived from pretrained language
models, are iteratively updated via neighborhood
aggregation and nonlinear transformations, a process that
enhances contextual reasoning but also increases sensitivity
to numerical precision due to repeated aggregation and
normalization operations. As a result, GNN-based
architectures can be more vulnerable to quantization errors
than feedforward or convolutional networks, particularly
when deployed using low-precision arithmetic [13]. In this
work, the CogMEN architecture is employed as a
representative GNN model for conversational emotion
recognition. CogMEN integrates contextual semantic
encoding with graph-based relational reasoning, making it
well suited for evaluating the impact of low precision
numerical formats in affective computing tasks [11-14].

Quantization is a model compression technique that
reduces numerical precision by mapping high-precision
floating-point values to lower-bit representations. The
primary motivation for quantization is to reduce memory
footprint, computational complexity, and energy
consumption, thereby enabling efficient inference on edge
and embedded devices. Quantization can be applied to
model parameters, activations, or both, and is typically
performed either during training (quantization-aware
training) or during inference (post-training quantization).

Floating-point quantization reduces precision while
retaining an  sign/exponent/mantissa  representation,
allowing for a wide dynamic range compared to fixed-point
formats. The sign bit provides information if a number is
positive or negative, exponent determines the scale while
mantissa represents the precision of significant digits. Sign
S, exponent E, and mantissa m are determined using
following equations [6,14]:

s=0, if x>0;1, if x<O0 (1)

Eb= logz‘lx“ (2)

M =round|2"||x|/2" 1|
3)
where X presents input sample. In 8-bit floating-point (FP8)
quantization, bits are distributed between the exponent and
mantissa, enabling better handling of values with varying



magnitudes. This characteristic improves numerical
stability in models with diverse activation distributions,
such as GNNs. Although FP8 arithmetic is more complex
than fixed point arithmetic, recent advances in hardware
accelerators have made FP8 increasingly practical for
efficient inference. The improved dynamic range of FP§
helps mitigate saturation and accumulation errors during
message passing, making it a promising candidate for low
precision GNN deployment in affective computing
applications.

Fixed-point quantization represents numerical values
using a fixed number of bits allocated to the sign, integer
and fractional parts. The sign bit S is defined as (1), while
integer | and fractional F parts are calculated using [7-10]:

F=round((|xI- I} 2"

®)
where X presents input sample and f is number of bits
assigned to fractional part quantization. In an 8-bit fixed-
point format, the dynamic range is limited and determined
by the scaling factor, which must be carefully chosen to
avoid overflow or excessive quantization error. Fixed-point
arithmetic is computationally efficient and well supported
by simple hardware implementations, making it attractive
for resource-constrained platforms. However, the limited
dynamic range of FxP8 can be problematic for GNN based
emotion recognition, where node embeddings and
aggregated messages may vary significantly in magnitude.
Rounding errors introduced by fixed-point representation
can degrade model performance, particularly in deeper
networks or architectures with repeated message-passing
operations [7-10].

Owing to the differing numerical characteristics of
fixed and floating point quantization, a systematic
comparison is required to assess their impact on GNN
based emotion recognition. While FxP8 emphasizes
hardware simplicity and low implementation cost, FP8
offers greater numerical robustness that may be essential
for preserving emotional cues in conversational graphs.
This work evaluates these trade-offs by comparing FP8 and
FxP8 quantization in a GNN model, providing guidance for
efficient and reliable deployment under varying resource
constraints.

III. EXPERIMENTAL RESULTS AND DISCUSSION

This section describes the experimental setup used to
evaluate the impact of low-precision numerical formats on
GNN-based emotion recognition and presents a
comparative analysis of FP8 and FxP8 quantization. The
experiments are conducted using the CogMEN architecture
designed for conversational emotion recognition, evaluated
on the IEMOCAP benchmark dataset. The IEMOCAP
dataset is a widely used benchmark for emotion recognition
from conversational speech, containing dyadic dialogues

annotated with discrete emotion labels. Following standard
evaluation protocols, the dataset is preprocessed and
partitioned to ensure speaker-independent evaluation.
Utterance-level embeddings are provided as input to the
CogMEN model, which constructs a conversational graph
to capture contextual and relational dependencies among
dialogue turns [5-9, 14].

Two 8-bit numerical formats are considered: fixed-
point quantization, using one sign bit, two integer bits, and
five fractional bits, and floating-point quantization, using
one sign bit, two mantissa bits, and five exponent bits. The
quantized models are evaluated against a full precision
baseline to assess accuracy degradation introduced by
reduced numerical precision. Model performance is
evaluated using classification accuracy and macro-F1
score, which are selected due to their widespread use in
affective computing [5-9, 14]. For FxP8 quantization, real
valued weights and activations are mapped to a fixed point
representation using a uniform scaling factor determined by
the number of fractional bits. Saturation is applied to
prevent overflow beyond the representable dynamic range.
For FP8 quantization, values are encoded using a
sign/exponent/mantissa representation, enabling dynamic
scaling and improved numerical stability across varying
activation magnitudes. Both quantization schemes are
applied consistently across all GNN layers to ensure a fair
comparison. No additional retraining or fine-tuning is
performed after quantization, allowing the observed
performance differences to be attributed solely to the
numerical format [14].

Table 1 summarizes the performance of FP8-quantized
FP32 quantized (full precision) and FxP8-quantized
CogMEN models on the [IEMOCAP dataset.

TABLE I
PERFORMANCE COMPARISON BETWEEN FP8 AND FXP8

Numerical Classification | Macro F1 (%)
format accuracy (%)
FP8 82.82 82.63
FP32 82.82 82.63
FxP8 81.76 81.55

The results given in Table I demonstrate that FxP8
quantization introduces a modest but consistent
performance degradation comparing to FP8 and FP32
which provides the same classification accuracy and F1.
FP8 and FP32 yield identical accuracy and macro-F1
scores because inference time quantization does not alter
the model’s decision boundaries when the numerical
representation preserves sufficient dynamic range and
relative precision. The reduced dynamic range of the fixed-
point format leads to increased saturation and rounding
errors, particularly in deeper graph aggregation layers.
Nevertheless, the observed performance remains
competitive, confirming that FxP§ is a viable solution for
scenarios where computational simplicity and hardware



efficiency are prioritized. Overall, the experimental results
highlight a clear trade-off between numerical robustness
and implementation efficiency. FP8 provides superior
accuracy retention and stability, making it suitable for
performance-critical applications, while FxP8 offers a
simpler and more resource-efficient alternative for
deployment on highly constrained platforms.

IV. CONCLUSION

This paper investigated the impact of low-precision
numerical formats on GNNs based emotion recognition,
with a particular focus on comparing 8-bit floating-point
(FP8) and 8-bit fixed-point (FxP8) quantization. Using the
CogMEN architecture evaluated on the IEMOCAP
conversational emotion recognition benchmark, the study
analysed how different quantization schemes affect
classification accuracy and macro-F1 score when applied to
model weights and activations during inference.

The results indicate that FP8 consistently outperforms
FxP8 in terms of accuracy retention, which can be
attributed to its exponent-based representation and wider
dynamic range. These properties improve numerical
stability during graph message-passing and aggregation
operations, where activation magnitudes may vary
significantly. In contrast, FXP8 exhibits a modest but
systematic reduction in performance, primarily due to its
fixed scaling and increased susceptibility to saturation and
rounding errors.

Despite the observed performance gap, FxP8 remains
appealing for deployments prioritizing hardware simplicity,
low arithmetic complexity, and minimal resource usage. In
contrast, FP8 offers greater numerical robustness and is
more suitable when preserving recognition reliability is
critical. These results emphasize the importance of
selecting quantization formats based on the trade-off
between implementation efficiency and numerical stability
for deploying GNN based emotion recognition systems on
resource constrained and edge-Al platforms.
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