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Abstract

Transparent models, which provide inherently interpretable
predictions, are receiving significant attention in high-stakes
domains. However, despite much real-world data being col-
lected as time series, there is a lack of studies on transpar-
ent time series models. To address this gap, we propose a
novel transparent neural network model for time series called
Generalized Additive Time Series Model (GATSM). GATSM
consists of two parts: 1) independent feature networks to learn
feature representations, and 2) a transparent temporal module
to learn temporal patterns across different time steps using the
feature representations. This structure allows GATSM to ef-
fectively capture temporal patterns and handle varying-length
time series while preserving transparency. Empirical experi-
ments show that GATSM significantly outperforms existing
generalized additive models and achieves comparable perfor-
mance to black-box time series models, such as recurrent neu-
ral networks and Transformer. In addition, we demonstrate
that GATSM finds interesting patterns in time series.

Code — https://github.com/gim4855744/GATSM
Extended version — https://arxiv.org/abs/2410.10535

1 Introduction

Artificial neural networks excel at learning complex rep-
resentations and demonstrate remarkable predictive per-
formance across various fields. However, their complexity
makes interpreting the decision-making processes of neu-
ral network models challenging. Consequently, researchers
have widely studied post-hoc explainable artificial intel-
ligence (XAI) methods, which explain the predictions of
trained black-box models, in recent years (Ribeiro, Singh,
and Guestrin 2016; Lundberg and Lee 2017; Selvaraju et al.
2017; Mothilal, Sharma, and Tan 2020). XAI methods are
generally effective at providing humans with understandable
explanations of model predictions. However, they may pro-
duce incorrect and unfaithful explanations of the underlying
black-box model and cannot provide actual contributions of
input features to model predictions (Rudin 2018, 2019; Rah-
nama and Bostrom 2019; Liu et al. 2021; Akhavan Rahnama
2023; Rahnama et al. 2024). Therefore, their applicability to
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high-stakes domains — such as healthcare and fraud detec-
tion, where faithfulness to the underlying model and actual
contributions of features are important — is limited.

Due to these limitations, transparent (i.e., inherently in-
terpretable) models are attracting attention as alternatives to
XAI in high-stakes domains (Agarwal et al. 2021; Chang,
Caruana, and Goldenberg 2022; Radenovic, Dubey, and Ma-
hajan 2022). Modern transparent models typically adhere to
the generalized additive model (GAM) framework (Hastie
and Tibshirani 1986). A GAM consists of independent func-
tions, each corresponding to an input feature, and makes pre-
dictions as a linear combination of these functions (e.g., the
sum of all functions). Therefore, each function reflects the
contribution of its respective feature. For this reason, in-
terpreting GAMs is straightforward, making them widely
used in various fields, such as healthcare (Caruana et al.
2015; Chang et al. 2021), survival analysis (Utkin, Satyukov,
and Konstantinov 2022), and model bias discovery (Agar-
wal et al. 2021; Tan et al. 2018; Kim, Choi, and Kim
2022). However, despite much real-world data being col-
lected as time series, research on GAMs for time series re-
mains scarce. Consequently, the applicability of GAMs in
real-world scenarios is still limited.

To overcome this limitation, we propose a novel trans-
parent model for multivariate time series called Generalized
Additive Time Series Model (GATSM). GATSM consists
of independent feature networks to learn feature represen-
tations and a transparent temporal module to learn tempo-
ral patterns. Since employing distinct networks across dif-
ferent time steps requires a massive amount of learnable pa-
rameters, the feature networks in GATSM share the weights
across all time steps, while the temporal module learns tem-
poral patterns. GATSM then generates final predictions by
integrating the feature representations with the temporal in-
formation from the temporal module. This strategy allows
GATSM to effectively capture temporal patterns and handle
dynamic-length time series while preserving transparency.
Additionally, this approach facilitates the separate extrac-
tion of time-independent feature contributions, the impor-
tance of individual time steps, and time-dependent feature
contributions through the feature functions, temporal mod-
ule, and final prediction. To demonstrate the effectiveness
of GATSM, we conducted empirical experiments on vari-
ous real-world and synthetic time series datasets. The ex-



perimental results show that GATSM significantly outper-
forms existing GAMs and achieves comparable performance
to black-box time series models, such as recurrent neural
networks and Transformer (Vaswani et al. 2017). In addi-
tion, we provide visualizations of GATSM’s predictions to
demonstrate that GATSM finds interesting patterns in time
series.

A detailed discussion of related works is provided in Ap-
pendix C and we summarize the contributions of this paper
as follows: 1) We propose a novel transparent neural net-
work model for multivariate time series, called GATSM. To
the best of our knowledge, GATSM is the first transparent
model capable of capturing temporal patterns while preserv-
ing transparency. 2) We conduct extensive experiments to
validate the performance of GATSM. The experimental re-
sults demonstrate that GATSM significantly outperforms ex-
isting transparent models and achieves performance compa-
rable to black-box models like Transformer. 3) We provide
visual interpretations of GATSM’s predictions. These visu-
alizations illustrate that GATSM successfully captures com-
plex temporal patterns and derive multiple forms of interpre-
tations, including time-step importance, global feature con-
tributions, local time-independent feature contributions, and
local time-dependent feature contributions. Such interpreta-
tions significantly enhance the understanding of both model
behaviors and underlying dataset characteristics. 4) We thor-
oughly discuss the potential applications and limitations of
GATSM, identifying directions for future works.

2 Problem Statement

The simple linear model is designed to fit the conditional

expectation g (E (y | x)) = Zf”l x;w;, where g(+) is a link
function, M indicates the number of input features, y is the
target value for the given input features x € R, and w; €
R is the learnable weight for z;. This model captures only
linear relationships between the target y and the inputs x. To
address this limitation, GAM (Hastie and Tibshirani 1986)
extends the simple linear model to the generalized form as

follows:
M

= Zfi (I7)7

i=1

g (E(y|x)) (1)

where each f;(-) is a function that models the effect of a sin-
gle feature, referred as a feature function. Typically, f; ()
becomes a non-linear function such as a decision tree or
neural network to capture non-linear relationships. How-
ever, this form of GAM cannot handle time series data.
One straightforward method to extend GAM to time series,
adopted in NATM (Jo and Kim 2023), is applying distinct
feature functions to each time step and summing them to
produce predictions:

yt|X

Zz.fz] ‘rlj

=1 j=1

g(E @

where X € RT*M s a time series with 7" time steps and
M features, and ¢ is the current time step. This method can

37511

| Time series | Temporal pattern | Dynamic length

Tabular GAMs X X X
NATM v X X
GATSM (our) v v v

Table 1: Advantages of GATSM. Unlike existing tabular
GAMs that cannot handle time series data, and NATM which
only supports fixed-length time series without capturing
temporal dynamics, GATSM effectively handles varying-
length time series and captures complex temporal patterns.

handle time series data as input but fails to capture tempo-
ral patterns because f; ; (-) still does not interact with previ-
ous time steps. To overcome this problem, we suggest a new
form of GAM for time series.

Definition 3.1 GAMs for time series, which capture tem-
poral patterns hold the following form:

t
szw Tij, X

=1 j=1

( yt|X

3)

In Equation (3), f; ; (-, -) can capture interactions between
current and previous time steps. Therefore, GAMs adhering
to Definition 3.1 can capture temporal patterns. However,
implementing such a model while maintaining transparency
poses challenges. In the following section, we will describe
our approach to implementing a GAM that satisfies Defini-
tion 3.1. To the best of our knowledge, no existing literature
addresses Definition 3.1. Table 1 shows the advantages of
our GATSM compared to existing GAMs.

3 Generalized Additive Time Series Model

Figure 1 shows the overall architecture of GATSM. Our
model has two modules: 1) feature networks, called time-
sharing neural basis model (NBM), for learning feature rep-
resentations, and 2) masked multi-head attention (MHA) for
learning temporal patterns.

Time-Sharing NBM

Assume a time series X € RT*M with T time steps and
M features. Applying existing GAMs defined in Equation 1
to this time series require T' x M feature functions, which
becomes problematic when dealing with large T" or M due to
increased model size. This limits the applicability of GAMs
to real-world datasets. To overcome this problem, we extend
NBM (Radenovic, Dubey, and Mahajan 2022) to time series

as:
th Tig)w

We refer to this extended version of NBM as time-sharing
NBM. Time-sharing NBM has B basis functions, with each
basis function hy(-) taking a feature x;; as input. The
feature-specific weight w"bm then projects the basis to the
transformed feature T; ;. As Equation (4) depicts, the ba-
sis functions are shared across all features and time steps,
drastically reducing the number of required feature functions

i‘i J f] xz,_] nbm (4)
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Figure 1: Architecture of GATSM. GATSM comprises two components: Time-Sharing NBM and Masked MHA. Time-Sharing
NBM learns nonlinear representations of input features without considering temporal patterns, using parameters shared across
time steps. Masked MHA then captures temporal patterns based on these feature representations.

from T' x M to B. We use B = 100 and implement hy, (-)
using multi-layer perceptron (MLP).

Masked MHA

GATSM employs MHA to learn temporal patterns. Al-
though the dot product attention (Vaswani et al. 2017) is
popular, the simple dot product attention has low expres-
sive power (Velickovi¢ et al. 2018). Therefore, we adopt
the 2-layer attention mechanism proposed by (Velickovié
et al. 2018) to GATSM. We first transform X;
[#i1,%i2, ,Zinm] € RM produced by Equation (4) as
follows:

vV, =X]Z + pe;, %)

where Z € RM*D s a learnable weight, pe,
[pei 1, pei2, - ,pe;ip| € RP is the positional encoding for
the i-th step, and D indicates the hidden size. The positional
encoding is defined as follows:

peéi; = { 7 )
1000024/ D

The positional encoding helps GATSM effectively capture
temporal patterns. While learnable position embedding also
works in GATSM, we recommend the sinusoidal positional
encoding because learnable position embedding requires
prior knowledge of the maximum length of a time series,
which is often unknown in real-world settings. For example,
in real-world hospital settings, a patient’s length of stay con-
tinuously increases, and the discharge date is unpredictable.
After computing v;, we calculate the attention scores as fol-
lows:

if jmod2 =1,
otherwise.

sin (155002777 )
cos (

(6)

ek =0 ([vi | vj]T Wi™) m 5, )
eXp (€k.i.5
pij = p( k, ,47) (®)

ZtT:1 exp (ex,it) 7
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where k is the index of the attention head, o (-) is a non-
linear activation function, w{¥™™ € R?P is a learnable
weight, and m; ; € R is the mask value used to block fu-
ture information. The time mask is defined as follows:

1 ifi> ],
miﬁj{ =J

—oo otherwise.
GATSM produces its prediction by combining the trans-
formed features from the time-sharing NBM with the atten-
tion scores from the masked MHA.

€))

Inference

K
ge =Y _al Xwp", (10)

k=1
where K is the number of attention heads, aj;
[akit,akiz2, - ar:r] € RT is the attention map de-
fined in Equation (8), X = [X1,Xo, -+ ,Xp] € RTXM
are the transformed features defined in Equation (4), and
wout e RM is the learnable output weight.

Interpretability

We can rewrite Equation (10) as the following scalar form:
K
> al Xwi!
k=1

(1)

M)~

B

nbm, out
E gt uhy (Tum) Wiy Wi,
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Equation (11) shows that GATSM satisfies Definition 3.1
by encapsulating the attention scores (i.e., a ¢,,,) and time-
sharing NBM (i.e., hp) into a function f, ,,. We can de-
rive three types of interpretations from GATSM: 1) ay ¢ .,
indicates the importance of time step w at time step ¢, 2)

hy (Tom,) wﬁf’?wg% represents the time-independent con-
nbm, out

tribution of feature m, and 3) ay ¢ uhe (Tum) Wi T W
represents the time-dependent contribution of feature m at
time step t.

4 Experiments
Datasets

We conducted experiments using eight publicly available
real-world time series datasets. From the Monash repository
(Tan et al. 2020), we sourced three datasets: Energy, Rain-
fall, and AirQuality. We downloaded another three datasets,
Heartbeat, LSST, and NATOPS, from the UCR repository
(Bagnall et al. 2018). We downloaded the remaining two
datasets, Mortality and Sepsis, from the PhysioNet (Gold-
berger et al. 2000). We performed ordinal encoding for cate-
gorical features and standardize features to have zero-mean
and unit-variance. For regression task, we also standardized
the target value y to have a zero-mean and unit-variance. If
the dataset contains missing values, we impute categorical
features with their modes and numerical features with their
means. We split the dataset into a 60%/20%/20% ratio for
training, validation, and testing, respectively. Appendix D
provides further details about the experimental datasets, in-
cluding their statistics and descriptions.

Baselines

We compare our GATSM with 15 baselines, which can be
categorized into five groups: 1) Black-box tabular models
including extreme gradient boosting (XGBoost) (Chen and
Guestrin 2016) and MLP; 2) Black-box time series models
including simple recurrent neural network (RNN), gated re-
current unit (GRU), long short-term memory (LSTM), and
Transformer (Vaswani et al. 2017); 3) Transparent tabular
models including simple linear model (Linear), explainable
boosting machine (EBM) (Nori et al. 2019), NAM (Agar-
wal et al. 2021), NodeGAM (Chang, Caruana, and Gold-
enberg 2022), and NBM (Radenovic, Dubey, and Mahajan
2022); 4) A transparent time series model, NATM (Jo and
Kim 2023); 5) Multi-step forecasting specialized models in-
cluding DLinear (Zeng et al. 2023), PatchTST (Nie et al.
2023), and iTransformer (Liu et al. 2024).

Implementation

We implemented XGBoost and EBM models using the
xgboost (Chen and Guestrin 2016) and interpretml
(Nori et al. 2019) libraries, respectively. For NodeGAM, we
employ the official implementation provided by its authors
(Chang, Caruana, and Goldenberg 2022). We developed the
remaining models using torch (Paszke et al. 2019). All
models undergo hyperparameter tuning via optuna (Ak-
iba et al. 2019). The pytorch-based models are optimized
with the Adam with decoupled weight decay (AdamW)
(Loshchilov and Hutter 2019) optimizer on an NVIDIA
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A100 GPU. Model training is halted if the validation loss
does not decrease over 20 epochs. We used mean squared
error for the regression task, binary cross-entropy for the bi-
nary classification task, and cross-entropy for the multi-class
classification task. Appendix E provides further details of
the model implementations and hyper-parameters.

Comparison with baselines

Table 2 shows the predictive performances of the experi-
mental models. We report mean scores and standard devi-
ations over five different random seeds. For the regression
datasets, we evaluate R2 scores. For the binary classifica-
tion datasets, we assess the area under the receiver operating
characteristic curve (AUROC). For the multi-class classifi-
cation datasets, we measure accuracy. We highlight the best-
performing model in bold and underlined the second-best
model. Since the tabular models cannot handle time series,
they only take x7 to produce yr.

On the Energy and Heartbeat datasets, which have small
sample sizes, our GATSM demonstrates the best perfor-
mance, indicating strong generalization ability. EBM, XG-
Boost, and Transformer struggle with overfitting on the En-
ergy dataset. For the Mortality and Sepsis datasets, there
is no significant performance difference between tabular
and time series models, nor between black-box and trans-
parent models. This suggests that these two datasets lack
significant temporal patterns and feature interactions. It is
likely that seasonal patterns are hard to detect in medical
data, and the patients’ current condition already encapsu-
lates previous conditions, making historical data less cru-
cial. Since these datasets contain variable-length time se-
ries, the performances of NATM, which can only handle
fixed-length time series, is not available. On the Rainfall,
AirQuality, LSST, and NATOPS datasets, the time series
models significantly outperform the tabular models, indicat-
ing that these datasets contain important temporal patterns
that tabular models cannot capture. Additionally, the black-
box models outperform the transparent models, suggesting
that these datasets have higher-order feature interactions that
transparent models cannot capture. Nevertheless, GATSM is
the best model within the transparent model group and per-
forms comparably to Transformer. This result implies that
GATSM effectively captures the effects of input features and
temporal patterns while maintaining transparency. Overall,
GATSM achieved the best average rank in the experiments,
followed by the Transformer, highlighting GATSM’s robust-
ness.

We also validated three state-of-the-art forecasting mod-
els, DLinear, PatchTST, and iTransformer. Experimental re-
sults indicate that these forecasting models do not consis-
tently outperform the other comparative models. This is
likely because their architectures are primarily optimized for
forecasting tasks rather than regression or classification, and
their large model sizes make them susceptible to overfitting.
The performances for the three forecasting models on the
Mortality and Sepsis datasets are unavailable because these
models cannot handle variable-length many-to-many predic-
tion tasks as same as NATM. We provide additional exper-
iments on multi-step forecasting and synthetic tumor size



Energy Rainfall ~ AirQuality =~ Heartbeat Mortality Sepsis LSST NATOPS

Model Type ‘ Model ‘ (R*) (R*) (R*1)  (AUROCP) (AUROCT) (AUROCT) (Acel)  (Accp) | Ave-Rank
XGBoost 0.094 0.002 0.532 0.679 0.707 0.816 0.424 0.200 975

Black-box (£0.137)  (£0.002) (£0.019)  (£0.094)  (£0.015)  (£0.007) (£0.012) (£0.049) | (+4.773)
Tabular Model MLP 0.459 0.011 0.423 0.654 0.842 0.786 0.417 0211 8.875
(£0.101)  (£0.004)  (£0.031)  (£0.082)  (£0.014)  (£0.007) (£0.008) (£0.065) | (£3.044)

RNN 0.320 0.068 0.644 0.661 0.581 0.782 0.422 0.592 8.500

(£0.122)  (£0.020) (£0.032)  (£0.078)  (£0.040)  (£0.009) (£0.029) (£0.110) | (£2.673)

Black-box GRU ‘ 0.435 0.089 0.701 0.694 0.818 0.785 0.629 0.931 4.500
Time St oo del (£0.107)  (£0.034) (£0.018)  (£0.052)  (£0.014)  (£0.010) (£0.013) (£0.045) | (£2.619)
LSTM 0.359 0.090 0.683 0.648 0.790 0.779 0.491 0.908 6.875

(£0.112)  (£0.031)  (£0.026)  (£0.042)  (£0.020)  (£0.008) (£0.082) (£0.035) | (£+3.603)

Transformer 0.263 0.098 0.711 0.690 0.844 0.789 0.679 0.967 4.125

(£0.263)  (£0.035)  (£0.027)  (£0.040)  (£0.019)  (£0.010) (£0.019) (£0.029) | (£3.980)

. 0.058 0.033 0.473 0.672 0315 0.933 9.833

‘ DLinear (£0.247)  (£0.012)  (£0.023)  (£0.074) N/A N/A (£0.010) (£0.018) | (£4.355)

Forecasting Model ] 0.312 0.056 0.488 0.578 0.589 0.769 8.666
PatchTST 1 1(172)  (£0016) (+£0.032)  (40.082) N/A N/A (£0.027)  (£0.058) | (£4.367)

o -0.080 0.055 0.627 0.642 0.538 0.797 8.833

‘ iTransformer | 309)  (+0.012)  (+0.049)  (+0.047) N/A N/A (£0.040)  (£0.041) | (£4.491)

Linear 0.482 0.004 0.241 0.637 0.838 0.723 0311 0.206 11.875

(£0.112)  (£0.001)  (£0.019)  (£0.070)  (£0.017)  (£0.011) (£0.010) (£0.045) | (£4.941)

EBM -0.200 0.004 0.324 0.666 0.729 0.802 0.408 0.164 11.625

Teansparent (£0.409)  (£0.001) (£0.014)  (£0.056)  (£0.017)  (£0.011) (£0.016) (£0.053) | (+4.406)
Tabular Model NAM 0.363 0.006 0.300 0.645 0.853 0.800 0.400 0.242 9.375
(£0.218) (£0.002) (£0.013)  (£0.026)  (£0.014)  (£0.006) (£0.011) (£0.040) | (£4.719)

NodeGAM 0.398 0.006 0.380 0.681 0.854 0.802 0.400 0.247 7.750

(£0.195)  (£0.002) (£0.032)  (£0.046)  (£0.013)  (£0.007) (£0.028) (£0.012) | (+4.892)

NBM 0.330 0.007 0.301 0.716 0.852 0.799 0.388 0.189 9.250

(£0251)  (£0.003) (£0.012)  (£0.039)  (£0.014)  (£0.006) (£0.014) (£0.029) | (+4.892)

0.304 0.038 0.548 0.724 0.452 0.878 6.833

Transparent ‘ NATM (£0.122)  (£0.011)  (£0.028)  (£0.043) N/A N/A (£0.010)  (£0.058) | (£2.927)
Time Series Model GATSM (ours) | | 0493 0.073 0.583 0.843 0.853 0.797 0570 0.956 3375
(£0.173)  (£0.027)  (£0.026)  (£0.025)  (£0.015)  (£0.007)  (£0.024) (£0.027) | (£1.996)

Table 2: Predictive performance comparison of various models on single output tasks.

datasets in Appendix F.

Ablation study

Choice of feature function We evaluate the performance
of GATSM by changing the feature functions to three mod-
els: Linear, NAM, and NBM. Table 3 presents the results of
this experiment. The simple linear function performs poorly
because it lacks the capability to capture non-linear relation-
ships. In contrast, NAM, which can capture non-linearity,
shows improved performance over the linear function. How-
ever, NBM stands out by achieving the best performance in
six out of eight datasets. This indicates that the basis strategy
of NBM is highly effective for time series data.

Design of temporal module We evaluate the performance
of GATSM by modifying the design of the temporal mod-
ule. Table 4 presents the results. GATSM without the tem-
poral module (Base) fails to learn temporal patterns and
shows poor performance in the experiment. GATSM with
only positional encoding (Base + PE) also shows perfor-
mance similar to the Base, indicating that positional encod-
ing alone is insufficient for capturing effective temporal pat-
terns. GATSM with only MHA (Base + MHA) outperforms
the previous two methods, demonstrating that the MHA is

beneficial for capturing temporal patterns. Finally, our full
GATSM (Base + PE + MHA) significantly outperforms the
other methods, suggesting that the combination of PE and
MHA creates a synergistic effect. Consistent with our pre-
vious findings in Section 4, all four methods show similar
performances on the Mortality and Sepsis datasets, which
lack significant temporal patterns.

Positional Encoding As described in Section 3, we rec-
ommend sinusoidal positional encoding over learnable po-
sition embeddings because the maximum length of time se-
ries is often unknown. In contrast, learnable position em-
beddings require knowledge of the maximum length, which
is typically infeasible in practice. Nevertheless, we con-
ducted an experiment comparing sinusoidal positional en-
coding and learnable position embedding to determine if
significant performance differences exist. Table 5 presents
the performance comparison between learnable position em-
bedding and sinusoidal positional encoding on GATSM. The
experimental result demonstrating no significant difference
between these two methods.

Inference speed

The inference speed of machine learning models is a crucial
metric for real-world systems. We evaluate the throughput
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Feature Function | Energy Rainfall AirQuality Heartbeat Mortality Sepsis LSST NATOPS
Linear 0.283(£0.277)  0.071(£0.024)  0.563(+0.019) 0.766(+0.024)  0.832(£0.015)  0.735(£0.012) 0.398(40.030)  0.972(%0.020)
NAM 0.304(£0.229)  0.068(£0.021) 0.564(40.019) 0.838(+0.032) 0.851(£0.013) 0.801(£0.005) 0.553(40.023) 0.933(+0.039)
NBM 0.493(£0.173)  0.073(£0.027)  0.583(40.026) 0.843(+0.025) 0.853(+£0.015) 0.797(£0.007) 0.570(+0.024) 0.956(+0.027)

Table 3: Ablation study on different feature functions.

Temporal Module | Energy Rainfall AirQuality Heartbeat Mortality Sepsis LSST NATOPS
Base 0.452(+0.087)  0.007(£0.002) 0.299(£0.012) 0.661(£0.043)  0.854(+0.013) 0.798(+0.008) 0.392(£0.006) 0.192(+0.027)
Base + PE 0.397(+0.054)  0.007(£0.003)  0.299(4£0.012)  0.681(£0.068) 0.852(£0.013) 0.799(£0.007) 0.385(£0.027) 0.228(+0.029)
Base + MHA 0.368(+0.230)  0.048(+0.017)  0.555(£0.020)  0.821(£0.044) 0.847(+0.020) 0.779(+0.033)  0.595(+0.013)  0.856(+0.059)
Base + PE + MHA | 0.493(£0.173)  0.073(+0.027) 0.583(+0.026) 0.843(+0.025) 0.853(+0.015) 0.797(£0.007) 0.570(£0.024)  0.956(+0.027)

Table 4: Ablation study on the temporal module.

‘ Energy Rainfall AirQuality Heartbeat Mortality Sepsis LSST NATOPS
Learnable PE | 0.519(£0.097) 0.072(+0.026)  0.570(£0.023)  0.838(+0.048)  0.855(+0.018) 0.797(4+0.006) 0.570(£0.023)  0.950(+0.021)
Sinusoidal PE | 0.493(£0.173) 0.073(£0.027) 0.583(£0.026) 0.843(+0.025) 0.853(£0.015) 0.797(£0.007) 0.570(£0.024) 0.956(+0.027)

Table 5: Performances of learnable position embedding and sinusoidal positional encoding on GATSM.

\ Energy Rainfall AirQuality Heartbeat Mortality Sepsis LSST  NATOPS
NAM 65.3K 1.8M 5.1M 139.1K 7722K 239K  23M 147.9K
NBM 45.5K 1.IM 1.0M 559K 375.8K 6.5K 1.6M 85.6K
Transformer | 309K  240.5K 174.2K 15.7K 161.9K  134.6K 2144K  68.3K
NATM 53K  699.3K 241.3K 1.3K N/A N/A 28.6K 19.2K
GATSM 6.1K  350.6K 192.8K 1.2K 49K 38K  126.5K 12.5K
Table 6: Inference throughputs per second of different models.
‘ Energy Rainfall ~ AirQuality Heartbeat Mortality Sepsis LSST  NATOPS
NAM 307.2K  39.36K 115.2K 780.8K 524.8K  172.03M 81.79K  314.88K
NBM 539M  677.65K 2.03M 13.78M 9.26M 3.04G 1.35M 5.39M
Transformer 5.3M 5.14M 19.4M 32.72M 1.29M 3.79M 1.32M 8M
NATM 4425M  921.89K 2.77TM 316.32M N/A N/A 2.84M 15.68M
GATSM 777.19M  16.2M 48.58M 5.59G 1.87G 3.04G  48.62M  276.84M

Table 7: FLOPs of different models.

and FLOPs of the models. Table 6 and Table 7 present the
results. Since all experimental datasets have fewer features
than the number of basis functions in NBM, NAM achieves
higher throughput than NBM. Transparent tabular models
typically exhibit fast speeds. However, their throughput sig-
nificantly decreases in datasets with many features, such as
Heartbeat, Mortality, and Sepsis, because they require the
same number of feature functions as the number of input fea-
tures. Transformer shows higher throughput than the trans-
parent time series models because it does not require fea-
ture functions, which are the main bottleneck of transparent
models. Additionally, the PyTorch implementation of Trans-
former uses the flash attention mechanism (Dao et al. 2022)
to enhance its efficiency. NATM has slightly higher through-
put than GATSM, as it does not require the attention mecha-
nism and has fewer feature functions compared to the num-
ber of basis functions in GATSM.

Inference latency requirements in real-world applications
vary significantly based on the context. For instance, real-
time clinical decision support systems, such as heart fail-
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ure prediction models, typically demand latencies below one
second per patient, whereas non-real-time applications, such
as discharge prediction, have less stringent requirements. As
demonstrated in Table 6, GATSM can process at least 1,000
samples per second, making it feasible for real-world sce-
narios.

Number of basis functions

We evaluate GATSM by varying the number of basis func-
tions in the time-sharing NBM. Figure 2 presents the results
for regression, binary classification, and multi-class classifi-
cation datasets. For the Sepsis dataset, using 200 and 300 ba-
sis functions causes an out-of-memory error. For the Energy
and Heartbeat datasets, performance improves up to 100 ba-
sis functions but shows no further benefit when the num-
ber of basis functions exceeds 100. In other datasets, perfor-
mance changes are not significant with different numbers of
basis functions. In addition, there is a trade-off between the
number of basis functions and computational speed. There-
fore, we recommend generally setting the number of basis
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Figure 2: Performances of GATSM on the different number of basis functions.

functions to 100. Note that the performance of GATSM with
this hyper-parameter depends on the dataset size and com-
plexity. Hence, a larger number of basis functions may be
beneficial for more complex datasets.

Interpretation

In this section, we describe four interpretations of GATSM’s
predictions on the AirQuality dataset. Due to page limits,
visualizations for model interpretation are provided in Ap-
pendix G. In addition, interpretations for the Rainfall and
Mortality datasets can be found in Appendix G.

Time-step importance We plot the average attention
scores at the last time step 7' in Figure 5. The process for
extracting the average attention score of time step u at time

step ¢ is formalized as Zszl k.t This process is repeated
over all data samples, and the results are averaged. Based
on Figure 5, it seems that GATSM pays more attention to
the initial and last states than to the intermediate states. This
indicates that the current concentration of particulate matter
depends on the initial and recent states.

Global feature contribution Figure 6 illustrates the
global behavior of features in the AirQuality dataset, with
red bars indicating the density of training samples. We ex-

tract Eszl o (e,m) Wik p wi, from GATSM and repeat
this process over the range of minimum to maximum fea-
ture values to plot the line. We found that the behavior of
SO2, 03, and windspeed is inconsistent with prior human
knowledge. Typically, high levels of SO2 and O3 are asso-
ciated with poor air quality. However, GATSM learned that
particulate matter concentration starts to decrease when SO2
exceeds 10 and O3 exceeds 5. This discrepancy may be due
to sparse training samples in these regions, leading to in-
sufficient training, or there may be interactions with other
features. Another known fact is that high windspeed de-
creases particulate matter concentration. This is consistent
when windspeed is below 0.7 in our observation. However,
particulate matter concentration drastically increases when
windspeed exceeds 0.7, likely due to the wind causing yel-
low dust.

Local time-independent feature contribution To
interpret the prediction of a data sample, we plot

37516

the local time-independent feature contributions,
Sy b () wEPwEY in Figure 7. The main y-
axis (blue) represents feature contribution, the sub y-axis
(red) represents feature value, and the x-axis represents
time steps. We found that SO2, NO2, CO, and O3 have
positive correlations. In contrast, temperature, pressure, dew
point, and windspeed have negative correlations. These are
consistent with the global interpretations shown in Figure 6.
Rainfall has the same values across all time steps.

Local time-dependent feature contribution We also
visualize the local time-dependent feature contributions,
Zszl ar,tuln (xt,m)wﬁ%’bw,‘;%. Figure 8 illustrates the
interpretation of the same data sample as in Figure 7. The
time-dependent interpretation differs slightly from the time-
independent interpretation. We found that there are time lags
in SO2, NO2, CO, and O3, meaning previous feature values
affect current feature contributions. For example, in the case
of SO2, low feature values around time step 5 lead to low
feature contributions around time step 13.

5 Conclusion

In this paper, we proposed a novel transparent model for
time series named GATSM. GATSM consists of time-
sharing NBM and the temporal module to effectively learn
feature representations and temporal patterns while main-
taining transparency. The experimental results demonstrated
that GATSM has superior generalization ability and is the
only transparent model with performance comparable to
Transformer. We provided various visual interpretations of
GATSM, demonstrated that GATSM capture interesting pat-
terns in time series data. GATSM delivers robust predictive
performance along with detailed interpretations of its out-
puts. This advantage enables accurate and trustworthy pre-
dictions, which is crucial in high-stakes domains. We antic-
ipate that GATSM will be widely adopted in various fields
and demonstrate strong performance. We discuss the limi-
tations of GATSM and suggest directions for future work
in Appendix A. Potential applications and the broader im-
pacts of GATSM across various fields can be found in Ap-
pendix B.
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