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Abstract. Time series classification has benefited substantially from
advances in deep learning, particularly convolutional architectures such
as InceptionTime and LITE. However, despite their strong predictive
performance, deploying these models on resource-constrained platforms
remains challenging because of their computational and memory require-
ments. Model quantization offers a promising route to more efficient in-
ference by reducing numerical precision, thereby lowering storage and
memory costs. Among quantization approaches, post-training quantiza-
tion is especially attractive because it does not require retraining. Yet its
impact on deep convolutional models for time series classification remains
insufficiently studied.
In this paper, we investigate the effect of post-training quantization on
InceptionTime-based classifiers for time series classification. Our evalua-
tion covers three benchmark archives: UCR, UEA, and MONSTER. We
first conduct a quantization sensitivity analysis by emulating uniform
quantization over a broad range of precisions, from 32-bit to 2-bit repre-
sentations. We then evaluate a practical deployment scenario based on
half-precision floating-point weights. This dual evaluation allows us to
assess both the empirical limits of reduced numerical precision and the
practical viability of quantization for model deployment.
Our results show that InceptionTime-based classifiers are largely robust
to reduced numerical precision across a wide range of datasets. We iden-
tify precision regimes that preserve classification performance while sub-
stantially reducing weight precision, as well as lower-precision regimes
that lead to significant degradation. Overall, our study shows that mean-
ingful reductions in numerical precision can often be achieved without
sacrificing predictive performance. These findings provide practical guid-
ance for the efficient deployment of deep time series classifiers and offer
new insights into the relationship between quantization and performance
in convolutional architectures for time series analysis.
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1 Introduction

Time series classification (TSC) [20, 6, 19] has benefited from advances in deep
learning, with convolutional architectures such as InceptionTime or LITE [14, 15,
12]. However, despite their good classification performances, the deployment of
these models on resource constrained platforms remains challenging due to their
computational and memory requirements. Model quantization offers a promising
solution, by reducing numerical precision, lowering storage and memory usage
while improving inference efficiency. Post-training quantization offers a practical
solution by reducing numerical precision without requiring model retraining. Yet,
its impact on deep convolutional TSC models remains unexplored.

In this paper, we investigate the effect of post-training quantization on In-
ceptionTime based architectures for TSC across three benchmark archives: UCR
(univariate) [4], UEA (multivariate) [1], and MONSTER (mix, large data) [5].
We conduct a quantization sensitivity analysis by emulating uniform quanti-
zation over a wide range of precisions, from 32-bit to 2-bit representations. In
addition, we evaluate a practical deployment scenario based on half-precision
floating-point weights. This dual evaluation enables the assessment of both the
theoretical limits of reduced numerical precision and the realistic deployment of
quantization strategies.

Our results provide a study on the robustness of the models with reduced
numerical precision. We identify precision regimes that preserve classification
performance while reducing weights precision and identified limits leading to
significant degradation. Our work demonstrates that reductions in numerical
precision can be achieved without sacrificing predictive performance, providing
practical guidelines for the efficient deployment of deep TSC models and new
insights into the relationship between quantization and performance in convolu-
tional architectures for time series analysis.

2 Related Work

This section reviews the methodologies proposed over the last decade for both
Time Series Classification (TSC) and model quantization.

2.1 Time Series Classification

Since the release of the UCR archive [4], a significant amount of research has
focused on advancing the state of the art in TSC. Early approaches adapted
machine learning techniques originally developed for tabular data to account
for the temporal ordering in time series. Notably, several methods relied on the
nearest neighbor algorithm using time-series-specific similarity measures.

As the field matured, researchers increasingly proposed methodologies specif-
ically designed for time series data rather than adapting existing tabular-data
techniques. The taxonomy introduced in [20] categorizes TSC algorithms into
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eight main families: distance-based, feature-based, dictionary-based, convolution-
based, interval-based, shapelet-based, hybrid-based, and deep-learning-based meth-
ods [14]. The increasing availability of large-scale TSC datasets, particularly
through the multivariate UEA archive [1] and the recently introduced MON-
STER archive [5], has further accelerated research on deep learning approaches.
Beginning with relatively simple convolutional neural network architectures such
as FCN and ResNet [24], increasingly sophisticated models have been proposed
to improve classification performance. Examples include InceptionTime [15] and
its extension H-InceptionTime [13] and their lighter version LITETime [12].
Transformer-based architectures have also gained increasing attention for TSC,
notably ConvTran [7] by combining convolutions and self-attention mechanism.

2.2 Model Quantization

Model quantization is a compression technique that reduces the numerical pre-
cision of a model’s parameters, typically by converting floating-point values into
lower-bit integer or float representations. The roots of quantization [22] can be
traced back to signal processing where it was used to map continuous values
to discrete levels for efficient transmission of information, digital storage, fixed-
point arithmetic and embedded systems [25, 21]. With the significant increase of
work around machine learning, researchers questioned whether reducing model
complexity while preserving performance is a possible solution for model deploy-
ment. This is where quantization played a key role for reducing memory foot-
print, inference latency and energy consumption while preserving performance
for models such as decision tree [23].

Early research on quantization in deep learning has addressed CNNs, where [10]
demonstrated minimal accuracy degradation for 8-bit integer inference compared
to full-precision models. Moreover, binarized neural networks [11] demonstrated
effective usage in model deployment on resource-constrained devices. Subse-
quently, two major methodologies emerged: Quantization Aware Training (QAT)
and Post-Training Quantization (PTQ). QAT applies quantization methods dur-
ing the training stage of the model, while PTQ quantized a pre-trained model
without re-training. While QAT, in theory, achieves better performance, PTQ
has gained significant attention due to its lower computational cost and easy
deployment [16].

With the success of transformer-based architectures in natural language pro-
cessing and Large Language Models (LLMs), its impact on quantization research
has been significant. Modern LLMs contain billions of parameters, making it
challenging to deploy them because of the limited memory and computational
limitations of a significant amount of hardware. In order to address this issue,
recent PTQ methods such as OPTQ [8], AWQ [17] and SmoothQuant [26] have
been proposed and demonstrated that transformer-based models can be com-
pressed to 8-bit or even 4-bit precision with minimal performance degradation.
More recently, 1-bit precision LLMs have been proved possible with the BitNet
family models [18].
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Today, quantization remains one of the most widely adopted model com-
pression strategies for both deep learning and LLM deployment. Current re-
search focuses on reducing precision further while preserving model accuracy,
robustness, and reasoning capabilities, making quantization a critical enabler for
deploying increasingly large models on edge, mobile, and resource-constrained
platforms [9].

3 Methods

In this work, our objective is to evaluate the impact of reducing the numerical
precision of deep convolutional neural network weights for TSC. For this pur-
pose, we propose to approach the problem from the post-training quantization
point of view. We focus on weight quantization, as it is the primary contribu-
tor to memory and computational overhead in deep convolutional architectures.
We propose two evaluation methods which are philosophically opposed. First, a
theoretical strategy is used to systematically evaluate the accuracy difference re-
lated to the number of bits used to represent the weights. Second, a more realistic
and application oriented approach, using half-precision (16-bits) floats in mixed
precision policies pipeline. This second view allows us to evaluate performance
change on accuracy, but also on computational time required.

3.1 Uniform quantization

The first method we propose is to use a uniform quantization with a single scaling
factor per layer. Uniform quantization maps real-valued weights to a discrete set
of integer values, scaled to fit a predefined range. This quantization method
assumes a zero centered distribution, scaling the weights to fit a symmetric
range around zero. The quantization is applied by the function Q as defined in
equation 2, where b denotes the number of bits used and sb the computed scaling
factor.

sb =
max |x|
2b−1 − 1

(1)

Qb(x) =

⌊
x

sb

⌉
sb (2)

Where ⌊·⌉ denotes rounding to the nearest integer.
We only apply this quantization to the convolution kernel weights which

represent 98.5% of the model weights. For this uniform integer quantization, we
apply the same bit-width to all convolutional layers of our model. Practically,
this quantization scheme is implemented using a simulated quantization before
inference, as described in Figure 1 where the quantized values are computed and
returned using full precision arithmetic.



Post-Training Quantization for Time Series Classification 5

Full-precision weights x

Scale factor: sb =
max |x|
2b−1 − 1

Integer projection:
⌊
x

sb

⌉

Quantized-dequantized weights: Qb(x) = sb

⌊
x

sb

⌉

Fig. 1. Uniform post-training quantization of full-precision weights. Weights are scaled,
rounded to the nearest integer, and then mapped back to floating-point values using
the same scale factor.

3.2 Half-precision and mixed precision policy

In addition to the integer based uniform quantization, we evaluate mixed-precision
policy with half-precision floating-point (FP16) quantization, which is supported
in modern hardware. FP16 reduces memory usage by 50% compared to 32-bit
floating-point (FP32) while maintaining a floating-point representation, which
can better preserve the dynamic range of the weights. We evaluated 2 parame-
ters, each with 2 choices making 4 different cases of precision policy.

The first parameter is the type of floating-point representation used. The
possible choices are the classical FP16 and its brain floating point (BF16) coun-
terpart [2]. Compared to FP16, BF16 used the same number of bits but is a
shorter version of FP32 bits, result of a truncate operation. This choice makes
the BF16 format to keep the dynamic of FP32 which makes it simpler to convert,
but also does not require loss scaling when training models. On the other hand,
the FP16 is more precise for small value changes.

The second parameter is the use of mixed precision mode for activations.
In mixed precision mode, the weights are stored as FP32 weights (sometimes
referred as master weights) but the computations are made using half-precision
(FP16 or BF16). In our experiments, half-precision quantization is applied to
all the model weights when mixed precision is disabled, and inference is always
performed using half-precision arithmetic. This allows us to accurately measure
the impact of the different variations of the reduced precision.

Unlike our theoretical uniform quantization approach, this evaluation makes
it a practical choice for deployment scenarios. Quantized models are evaluated
on the UCR, UEA, and MONSTER benchmarks without any fine-tuning or
retraining. Half-precision and mixed precision policies are implemented using
TensorFlow.
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4 Experiments

In this section, we present the experimental setup and results obtained from eval-
uating the post-training quantization methods detailed in the previous sections.
First, we evaluate the weight precision reduction as a search for a practical limit.
The aim is to quantify how far it is possible to achieve a reasonable accuracy
with limited bits per weight. Second, we evaluate the weight precision reduction
using half-precision floating point, also providing evaluation time to show the
potential speed gain. Finally, we provide an insight on the potential speed gain
using the mixed precision quantization policy during the training phase.

4.1 Experimental Setup

We conduct our experiments on three TSC benchmarks. For univariate TSC
tasks, we used the 128 datasets from the UCR archive [3]. For multivariate TSC
tasks, we used the 26 datasets from the UEA archive [1]. For larger dataset,
we use 27 datasets from the MONSTER archive [5], excluding the two varia-
tions of the S2Agri dataset already represented in S2Agri-10pc. This exclusion
is done for reasons of time complexity as S2Agri represents more than 60% of
the MONSTER archive.

For each dataset, we implement a consistent experimental protocol to ensure
fair and comparable results. All our experimentations have been run on the same
computer equipped with an RTX 4090 and using TensorFlow/Keras for the deep
learning backend. We systematically evaluate each quantization method using
the Inception [15] architecture. We use a single model rather than an ensemble
of models with default hyperparameters. The hyperparameters used for all our
experiments are summarized in Table 1. Concerning the number of epochs used
to train the model on the MONSTER archive, Inception is trained for 100 epochs
on the datasets that require less than a minute per epoch and 10 epochs the rest
of the datasets.

4.2 Experimental Results

In this section, we present the experimental results obtained from the different
quantization and mixed-precision strategies applied. Each part of this section
focuses on either the predictive performance degradation or the computational
time improvement. This allows us to characterize the trade-off between accuracy
degradation and speed gain.

Affine quantization. Figures 2 and 3 report the accuracy variation induced
by affine quantization across different integer bit-width configurations, for both
the 32 → 12 and 12 → 2 regimes. Overall, the results show that the model is
highly robust to moderate quantization levels.

For the higher precision regime (32 → 12, figure 2), the degradation is es-
sentially negligible. The mean accuracy variation at 12 bits is < 0.01%, with a
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Hyperparameter Value / Description

Batch size min
(

|D|
10

, 16
)

where |D| is the number of training samples
Epochs 2000 (UCR/UEA)

100 (16/MONSTER)
10 (11/MONSTER)

Model selection Best model selected based on training set performance
Learning rate schedule Reduce on plateau:

factor = 1
2

patience = 50

minLR = 10−4

Table 1. Training hyperparameters and settings.

maximum deviation of only 0.44%. Interestingly, even for 12 → 8 bits, the mean
remains < 0.01%, indicating no systematic loss in performance. Moreover, we
note that the amount of datasets with improved performance is almost the same
as the amount of datasets with degradation in performance. These differences
are mostly due to noise introduced by minor weights changes.
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Fig. 2. Accuracy drop compared to baseline using uniform affine quantization.

For lower bit widths (Figure 3), degradation becomes progressively more
significant. At 5 bits, the mean change is still below 1%, while at 4 bits the
mean remains relatively small (4%) but with a significantly larger maximum
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drop (67.8%), indicating dataset dependent instability. At 2–3 bits, performance
becomes highly unreliable, with substantial degradation.

These results confirm that accuracy remains stable (within 1%) down to
approximately 5-bit quantization, and that no more than 1% average variation
is observed for bit-widths ≥ 5, while stability at the dataset level is strongly
reduced below this threshold. From a safety point of view, 12-bit quantization
is a safe approach with a 1% worst case degradation.
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Fig. 3. Accuracy drop compared to baseline using uniform affine quantization.

Half-precision quantization. We then evaluate half-precision strategies using
floating-point formats and mixed precision policies (Figure 4). In contrast to
low-bits integer quantization, these approaches do not introduce a consistent
degradation pattern.

Across all used configurations, the observed accuracy differences relative to
the baseline are minimal, with average difference being close to zero. This sug-
gests that 16-bits floating point inference preserves predictive performance al-
most entirely, even when aggressive precision reduction is applied. These results
are consistent with previous results. No systematic accuracy loss is observed, and
the small fluctuations are consistent with numerical noise rather than structural
degradation.

Moreover, mixed-precision policies do not provide any measurable accuracy
advantage over their corresponding full half-precision counterparts. Although
FP16 appears marginally more stable than BF16, the observed differences re-
main negligible in practice. Consequently, from an accuracy perspective, mixed-
precision policies do not appear to offer a compelling benefit for the considered
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TSC benchmarks, as similar predictive performance can be achieved using a full
half-precision representation.
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Fig. 4. Accuracy drop compared to baseline using half-precision policies.

Half-precision evaluation time. Figure 5 reports the percentage of speed
improvement during evaluation under different half-precision strategies (FP16,
BF16, and their mixed-precision variants). The results reveal a heterogeneous
behavior across datasets.

While the mean improvements are positive, ranging from approximately 6.0%
(BF16) to 17.4% (FP16), the distributions are extremely wide. In particular,
all methods exhibit strong negative minimum values (down to approximately
−70%), indicating cases where inference becomes significantly slower than the
baseline. Conversely, extreme positive outliers exceeding 300% speedup suggest
that certain configurations benefit disproportionately from hardware accelera-
tion or favorable memory patterns.

Mixed-precision strategies do not outperform pure half-precision. For in-
stance, mixed BF16 shows a slightly negative median (−2.0%), indicating that
half of the datasets actually experience a slowdown. This highlights that evalu-
ation time gains are not stable across datasets and depend heavily on runtime
and hardware efficiency characteristics rather than model behavior alone.

Half-precision training time (MONSTER archive). Finally, Figure 6 re-
ports the training time improvement obtained with half-precision strategies on
the MONSTER archive, expressed as a percentage relative to the baseline train-
ing time.
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Fig. 5. Percentage of speed improvement for evaluation using half-precision strategies.
Under the dashed line signify slower than baseline.

In contrast to the evaluation time results, the training speed improvements
exhibit a much clearer pattern. FP16-based policies consistently accelerate train-
ing across all considered datasets. Standard FP16 achieves an average speedup of
37.8%, while even the worst observed case still benefits from a 20.7% reduction
in training time. Mixed FP16 also provides significant gains, with an average
improvement of 31.0%. BF16-based policies do not benefit from the same im-
provement in our experiments. Both standard and mixed BF16 exhibit negative
average speedups (−1.8% and −4.6%, respectively), indicating a slight slowdown
compared to the baseline. The mixed policies do not outperform the full half-
precision configuration. This observation is consistent with the accuracy results
presented previously, where mixed precision did not provide any measurable
advantage.

In this experiment, FP16 appeared to be faster during training. However, this
observation should be interpreted with caution, as we only conducted accuracy
evaluation on the post-training quantization and did not specifically optimize or
investigate half-precision trained model behavior. Moreover, the corresponding
training runs showed poor convergence and predictive performance.

A detailed analysis of these effects was outside the scope of this work, which
primarily focuses on post-training evaluation efficiency. Thus, those results will
not be discussed in the following discussion and conclusion section as this is not
the purpose of this paper.

Overall, our results indicate that post-training quantization with FP16 pro-
vides the most favorable trade-off between efficiency and accuracy.
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Fig. 6. Percentage of speed improvement for training using half-precision strategies for
MONSTER archive.

4.3 Discussion

The experimental results reveal key insights into the practical application of
quantization for time series classification (TSC).

First, the Inception architecture is robust to weight precision reduction. For
bit-widths down to 5-bits, the average accuracy degradation remains below 1%,
confirming that moderate quantization can be applied without significant perfor-
mance loss. The larger degradation and higher variance below 5-bits suggests a
practical lower bound for stable performance. This threshold effect is consistent
with findings in other domains, where very low precision often requires special-
ized techniques. While we cannot define 5-bits as a general limit, we can assume
that a limit close to this range remains an ideal spot for TSC with the considered
architecture.

The evaluation of half-precision formats shows negligible accuracy loss across
all configurations, confirming that half-precision floating-point is sufficient for
TSC inference. However, the evaluation speed improvements seems small com-
pared to baseline. The heterogeneous evaluation time results further emphasize
that quantization benefits are dataset and context specific.

Contrary to expectations, mixed-precision policies do not outperform their
uniform half-precision counterparts in terms of accuracy or speed. Those config-
urations show similar or negative accuracy and speed improvements. The lack
of consistent benefits, combined with increased implementation complexity, sug-
gests that mixed-precision is not currently advantageous for TSC.

These results demonstrate that reduced-precision strategies offer a practical
way of reducing model memory footprint without sacrificing accuracy. The ro-
bustness of the Inception architecture to quantization suggests that TSC tasks
may be particularly prone to precision reduction. However, the hardware depen-
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dent nature of floating-point performance and the heterogeneous speed improve-
ments across datasets highlight the need for careful, context specific evaluation.

5 Conclusion

This work presents a comprehensive evaluation of post-training quantization
and mixed-precision strategies for TSC, using datasets from the UCR, UEA,
and MONSTER archives. Our empirical results demonstrate that quantization
is viable down to 5 bits with less than 1% average accuracy loss, while 12-bit
quantization ensures robustness with negligible degradation. FP16 emerges as
the most effective half-precision format, delivering both evaluation and training
speedups with no measurable accuracy loss. Mixed-precision policies, overall, do
not provide clear advantages over uniform half-precision for TSC given current
hardware. In practice, FP16 represents an optimal choice for TSC with our setup,
offering the best trade-off between efficiency and accuracy.

As a final contribution, in an effort to promote transparency and support fu-
ture work, all of our experimental results and source code are publicly available at
https://github.com/MSD-IRIMAS/QTZ4TSC. This ensures the reproducibility
of our study and allows the community to use and verify our results.

Future work could explore several promising directions, such as extending
the evaluation to additional architectures like LITE, investigating the impact
of extended training on the MONSTER archive, or assessing more aggressive
quantization schemes, particularly int8 and int4 as used in large language models
community. Additionally, evaluating these methods on real resource constrained
systems would provide valuable insights into their applicability in real world,
low power environments.
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