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Abstract

Sensor data streams from Internet of Things devices, wearables, and monitoring systems
are often irregularly sampled due to variable transmission intervals, intermittent con-
nectivity, and event-driven reporting, producing heavy-tailed temporal gaps between
observations. Long Short-Term Memory (LSTM) networks, widely used for sequential
sensor data analysis, assume a synchronous, equidistant timeline and regulate memory
through a forget gate whose dynamics are input- and state-dependent but carry no explicit
dependence on elapsed real time. Under stationary inputs, the standard LSTM architecture
additionally exhibits a structural bias toward exponential memory decay. However, in
real-world sensing contexts, uneven sampling and long-range dependencies are common,
violating both assumptions simultaneously. To address this, we survey and taxonomise
two independently proposed strategies: time-aware mechanisms that rescale memory
using elapsed time, and power-law retention schemes that model slower, heavy-tailed
forgetting. Through comparative analysis, we demonstrate that both strategies converge
on the same underlying failure point, the inability of the forget gate to jointly adapt its
attenuation rate and decay profile to temporal context and sensor input, and frequently
employ functionally redundant mechanisms. We subsequently articulate a unified design
framework that defines the essential properties that temporal forget gates must satisfy to
enable robust learning from irregular sensor streams. These findings indicate that future
sequence models for sensing applications should jointly integrate temporal-gap awareness
with adaptive retention dynamics to better capture complex temporal dependencies in
real-world environments.

Keywords: Long Short-Term Memory; forget gate; irregularly sampled sensor data; time-
aware recurrent networks; power-law decay; IoT time-series modelling

1. Introduction

Artificial intelligence (AI) and deep learning (DL) have fundamentally reshaped how
we analyse sequential data, providing the tools to extract complex patterns from continuous
information streams. While these models have achieved remarkable success by learning
temporal dynamics, their core architectures are typically optimised for data progressing
along a uniform, discrete timeline [1,2]. In the domain of recurrent architectures, the
Long Short-Term Memory (LSTM) network emerged as a landmark innovation, specifically
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engineered to alleviate the vanishing and exploding gradient problems inherent in standard
Recurrent Neural Networks (RNNs) [3,4]. By introducing a specialised cell state regulated
by multiplicative gating mechanisms, the LSTM enabled gradients to propagate across
much longer temporal horizons, improving the modelling of long-range dependencies
and making it a foundational architecture for sequence learning in industrial sensing
applications [5-7].

Despite its success, LSTM’s foundational design relies on an assumption of syn-
chronous uniformity, where time steps are equidistant. However, many real-world mea-
surements do not follow sequential time steps, from sparse Electronic Health Records
(EHRs) and bursty financial transactions to asynchronous industrial sensor arrays, and
are inherently irregular, intermittent, and multi-frequency [8-10], as illustrated in Figure 1.
When forced to process such unevenly spaced sequences, the standard LSTM approach
faces a structural mismatch rooted in two primary architectural vulnerabilities. First, the
network lacks a native mathematical mechanism to scale its internal state dynamics based
on variable time gaps [11,12]. Second, because the standard LSTM's forget gate applies a
sigmoidal fraction recursively at every discrete step, the architecture is structurally biased
toward exponential decay bounds over long horizons [13]. While a system’s physical
dynamics do not strictly dictate the mathematical form of a predictive model’s internal
memory kernel, this exponential bias can introduce learning inefficiencies when heavy-
tailed retentions are expected. These are not merely theoretical concerns; in practice, they
limit the ability of deployed LSTM models to preserve relevant historical states across
the irregular, bursty observation patterns characteristic of real industrial sensor networks.
Similar mismatches have been observed in sparse Electronic Health Records [14,15] and
asynchronous financial transaction streams [16,17], confirming that the equidistant-step as-
sumption and fast forgetting are foundational constraints rather than incidental limitations.
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Figure 1. Illustration of the structural mismatch between uniform and asynchronous data.

To address the first vulnerability, the research community has proposed a class of
time-aware successors, including Time-Aware LSTM (T-LSTM) [14], Phased LSTM [18],
etc., each addressing the issue from a different architectural angle. To address the sec-
ond vulnerability, Power-Law-Based LSTM (pLSTM) [13] replaces the conventional forget
gate with a learnable power-law decay, allowing the network to retain a heavy-tailed
memory trace. Critically, these gate-level modifications address only a specific subset
of the broader challenges posed by irregular sensor data. Other distinct issues require
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fundamentally different architectural paradigms, such as informative missingness, where
missing channel patterns often carry predictive signals that models such as GRU-D can
explicitly exploit [19]; asynchronous multi-rate alignment, where unsynchronised sen-
sor clocks can be handled via upstream interpolation using interpolation—prediction net-
works [20] or non-recurrent continuous-time attention, such as Multi-Time Attention Net-
works (mTANSs) [21] and Continuous-Time Transformer (ContiFormer) [22]; and trajectory
fidelity vs. latency, where fully continuous formulations, such as Ordinary Differential
Equations (ODEs)-RNNs [23,24], and Neural-Controlled Differential Equations (Neural
CDEs) [25] trade deterministic, closed-form execution for solver-based trajectories, a trade-
off that introduces unpredictable inference latency in edge-deployed industrial monitoring.

To delineate the scope of this work, this survey adopts a narrative review approach
to synthesise and thematically organise gate-level modifications in the LSTM architecture
designed for non-uniform sequential data. Rather than following a protocol-based sys-
tematic framework for a single use case, it establishes a cohesive taxonomy of structural
modifications that directly address the dual limitations of temporal insensitivity and rigid
decay. To construct this overview, the search initiated with landmark papers on Time-Aware
LSTMs, utilising both forward and backward citation tracking, and subsequently expanded
to encompass Power-Law LSTM architectures for long-range dependencies. Articles were
included only if they provided distinct theoretical insights or key empirical advancements
regarding gate modifications for irregularly sampled sensor data, while highly localised
case studies and preliminary reports were excluded. Ultimately, this comprehensive synthe-
sis serves as a practical reference for researchers and engineers designing robust sequence
models tailored for real-world industrial sensing environments.

The key contributions of this survey are threefold:

1.  We present a unified taxonomy of time-aware LSTMs and power-law retention models
for irregularly sampled sequences.

2. We show that these approaches address a common limitation of standard forget gates
through functionally overlapping mechanisms.

3. We articulate a conceptual framework that identifies the essential properties of adap-
tive temporal forget gates and outlines directions for future research.

The remainder of this survey is structured as follows. Section 2 establishes the founda-
tional mathematical formulation of the LSTM and the limitations of sigmoidal forget gates.
Section 3 presents a taxonomy of LSTM variants designed for irregular time steps. Section 4
analyses heavy-tailed memory retention using the power-law gate in LSTM. Section 5 first
proposes a unified conceptual framework synthesising the essential properties of adap-
tive temporal forget gates and then provides discussion on competing continuous-time
and attention-based paradigms, concluding with practical training, hyperparameters, and
deployment considerations. Finally, Section 6 concludes this paper.

2. Background

RNNs maintain an internal state by combining current inputs with past information.
Standard RNNs often struggle with long-term dependencies due to vanishing gradients; an
LSTM network [3] mitigates this with a gating framework and a specialised cell state (C;)
that facilitates stable gradient flow. The LSTM architecture, as shown in Figure 2, regulates
information flow through three learned mechanisms: the input gate (i), forget gate (f,)
and output gate (Oy). Formally, for an input x; and the previous hidden state h;_1, the cell
dynamics are governed by the following standard formulation [3,13]:

it = o(xt Wiy + by 1 Wiy, + b;) M
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where W;, and W;, are the weight metrics, and b; is the bias vector.
ﬂzv@ﬂwf+m4Wﬂ+bO )
where Wy, and Wp, are the weight metrics, and by is the bias vector.
oy = (T(xtwox +hi_ Wop, + bO) 3)

where W,y and W, are the weight metrics, and b, is the bias vector.
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Figure 2. The cell structure of the LSTM.

The updates to the cell state and hidden state are governed by the following equations:

where C is the candidate cell state, W,y and W, are the weight metrics, and b, is the bias
vector. Then,

C=,0Ca1+it0C ©)
hi =0: ® tanh(Ct) 6)

Because these equations omit elapsed time, the network treats observations as occur-
ring at discrete, equidistant intervals. Consequently, the LSTM cannot distinguish between
dense observation clusters and sparse, asynchronous data. While architectural variants like
the Gated Recurrent Unit (GRU) [26,27], the Minimal Gated Unit (MGU) [28] and the Gated
Orthogonal Recurrent Unit (GORU) [29] improve parameter efficiency or gradient stabil-
ity, they maintain the baseline assumption of temporal uniformity. Their single-channel
designs struggle to incorporate continuous time-decay signals without corrupting stored
historical context. Thus, addressing irregular timelines and slowing down memory decay
requires moving beyond these parameter-centric modifications toward explicit time-aware
gating, as detailed in the following sections.
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3. Taxonomy of Time-Aware Architectures

The limitations of the standard LSTM under irregular sampling have motivated a di-
verse family of architectural responses, each targeting the core equidistant-step assumption
from a different angle. These responses broadly cluster around five design strategies. The
first modifies the forget gate directly to make memory decay an explicit function of elapsed
time Af, as seen in DeepCare [30], treating forgetting as a temporal process rather than a
fixed recursive operation. The second decomposes the cell memory into separable long-
term and short-term subspaces before applying time-dependent discounting selectively, as
in T-LSTM [14], preserving stable long-range context while allowing recent information to
decay appropriately. The third introduces dedicated time gates as independent architec-
tural components that regulate how strongly temporal distance influences information flow
at the current step, as in Time-LSTM [31]. A closely related variant is Multi-Way Adaptive
Time-Aware (MWTA)-LSTM [15], whose bottom layer is built upon an extended modified
version of T-LSTM and Time-LSTM. The fourth strategy, represented by Attention-Based
Time-Aware LSTM (ATTAIN) [32], takes a retrospective approach: rather than modifying
how the current state is computed from the immediately preceding step, it accumulates cell
states across all previous events and reweights them jointly using learned attention scores
for clinical salience alongside a continuous-time decay function that penalises temporally
distant events. A fifth strategy, embodied by Phased LSTM [18], decouples network up-
dates from data arrival entirely, treating time as a gating coordinator that determines when
information is allowed to flow, rather than applying a decay multiplier to what has already
flowed. While these approaches differ in mathematical formulation and intended domain,
they share a common motivation: encoding elapsed time as a signal within the recurrent
architecture, rather than leaving the network to infer temporal structure implicitly from
sequential position alone. The following subsections are organised by design strategy rather
than chronological order of publication, reflecting the distinct architectural philosophies
each approach represents.

3.1. DeepCare

Standard LSTM forget gates apply a fixed sigmoidal decay at every step, regardless
of how much real time has elapsed between admissions. DeepCare [30] was among the
first architectures to address this directly in a clinical context, augmenting the LSTM cell by
making the forget gate an explicit function of the irregular time gap At between consecu-
tive hospital admissions. It introduces two distinct forgetting behaviours depending on
modelling assumptions: a monotonic time decay for settings where memory should fade
smoothly and predictably, and a fully parametric time-aware forget gate for settings where
interventions and care processes must also be encoded.

3.1.1. Mode 1: Monotonic Time Decay

Where clinical memory is assumed to fade smoothly with elapsed time, the forget gate
is first computed normally and then scaled by a logarithmic decay factor [30].

d(At) = [log (e + At)] " 7)

fi < d(At) f; (8)

Here, At is the elapsed time between admissions at  and t — 1, and d(At) is a mono-
tonically decreasing function that approaches zero as the interval grows. This discounts
the carry-forward of older cell memory proportionally to the length of the gap.
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3.1.2. Mode 2: Forgetting Through Parametric Time

Where the time gap and clinical interventions carry informational weight of their own,
the forget gate is fully re-parameterised to ingest them directly:

fi= (T(xthx + ht,1th + th—l:thq +pt71Wfp + bf) 9)

where ¢q,, 1., is a learned time embedding encoding the elapsed interval, and p,_; is an
intervention vector capturing the care process applied in the preceding step. This allows
the gate to learn not just that time has passed, but what kind of clinical activity occurred in
that interval. Together, these two modes allow DeepCare to treat forgetting as a temporally
grounded process rather than a uniform recursive operation. However, both modes apply
time discounting to the entire cell state without distinguishing between information that
should decay and information that should persist, a limitation directly addressed by the
architecture of T-LSTM.

3.2. Time-Aware LSTM

Applying time decay to the full cell state indiscriminately risks discounting stable,
long-term signals alongside genuinely transient ones. To overcome this, Baytas et al. [14]
proposed the Time-Aware LSTM (T-LSTM), which decomposes the previous cell memory
C;_1 into distinct long-term and short-term subspaces before applying any time discounting.
Only the short-term component is subject to temporal decay, leaving long-range contextual
memory structurally intact.

The decomposition and discounting proceed in four steps. First, the short-term
memory subspace is extracted via a learned projection [14]:

Ci_; = tanh(C;_1 Wy + by) (10)

where Wy and by are trainable parameters defining the subspace. The short-term compo-
nent is then discounted according to the elapsed interval using a non-increasing decay
function g(At):

S
Ci 1 =Ci 1 +g(At) (11)

The decay function g(At) is selected based on the temporal scale of the dataset:
g(At) =1/ At for datasets with a small amount of elapsed times.
g(At) = [log(e + At)] ! for datasets with large elapsed times.

where At is the time span between records at step t and t — 1.

The long-term component is recovered as the remainder of the original cell state after
the short-term subspace is removed:

Cl1=C1-C 4 (12)

These two components are then recombined to form the adjusted memory that enters
the standard LSTM gating computation:

* ~.S
Ci 1 =C{ 1+C; 4 (13)

The resulting C;_; preserves stable long-range dependencies in full while selectively
discounting recent, transient information proportionally to the elapsed gap. This makes
T-LSTM particularly effective for longitudinal patient records where early diagnostic his-
tory must coexist with recent clinical events. However, T-LSTM still derives each cell

https://doi.org/10.3390/s26154868


https://doi.org/10.3390/s26154868

Sensors 2026, 26, 4868

7 of 21

state update solely from the immediately preceding step; it has no mechanism to attend
retrospectively across the full history of past states, a capability introduced in Section 3.4.

3.3. Time-LSTM

Both DeepCare and T-LSTM treat time as a corrective modifier applied to a cell state
that has already been formed through standard gating operations. Time-LSTM [31] takes
a structurally different position: rather than scaling what has already been computed, it
embeds the elapsed time interval At directly inside dedicated time gates that participate
in the cell state computation itself. This distinction matters because it allows temporal
distance to govern not just how much past context survives, but how new information is
written into memory in the first place.

A critical distinction this paper draws is between modelling the timestamp of a single
event and modelling the time interval between two consecutive events. Phased LSTM [18],
the closest prior architecture, operates on the former, using the absolute timestamp as the
input to its time gate. Zhu et al. [31] argue that this is insufficient for recommendation
settings on three grounds. First, it may fail to properly model the relational significance
between two actions, since what matters behaviourally is not when an action occurred in
absolute terms, but how long after the previous one occurred. Second, because Phased
LSTM enters an inactive state during long gaps and ignores data points that fall outside its
oscillation window, it discards useful behavioural signals in the sparse action sequences
typical of recommender systems. Third, and most fundamentally, it provides no archi-
tectural mechanism to separately capture and jointly balance two qualitatively distinct
interest signals that the prior recommendation literature identifies as critical: (i) short-term
interest, the immediate contextual dependency between recent consecutive actions, for
example, a user who purchases a camera is highly likely to purchase a memory card or lens
in the near future; (ii) long-term interest, the stable, persistent preference profile of a user
that shapes all recommendations regardless of recency, the general behavioural tendency
that persists across months or years of interaction history. Standard LSTM and Phased
LSTM conflate these two signals within a single hidden state. Time-LSTM architecturally
separates them through independently parameterised time gates. Time-LSTM exists in
three versions, each extending the previous with greater temporal expressiveness. The
simplest version adds a one-time gate T;, that takes At,, as an explicit input alongside the
current item embedding [31]:

Ty = (Tt(xmth + UAt(Athtt) + bt) (14)

where x;, is the input feature vector of the mth item, Aty is the elapsed time since the
previous action, and oy denotes a sigmoid applied to the time-scaled term. The second
version uses T1,, and T2,,:

Tl = 01(xmWa1 + 0ar(BtmWir) + b1)s.t. Wiy <0 (15)

T2 = 02 (xm Wi + 0ar (At Wio) + bs) (16)

T1,, retains its recency-sensitive, monotonically decreasing behaviour and is respon-
sible for capturing the short-term interest. T2,, can learn an unconstrained relationship
between the elapsed interval and the long-term preference signal, allowing it to represent
stable interest contexts that are not necessarily sensitive to how much time has passed. The
two gates modulate separate pathways within the cell state update, giving the architecture
independent control over each interest type for the first time. The third version preserves
the dual-gate temporal structure but replaces the separate input and forget gates with cou-
pled gates. Despite this expressiveness across all three versions, Time-LSTM produces no
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mechanism for attributing predictions back to specific past events in the sequence history.
Each cell state update is still derived solely from the immediately preceding step, a struc-
tural constraint that becomes a significant limitation in high-accountability domains such
as clinical forecasting, where the basis of a prediction must be traceable and explainable.
This gap is directly addressed by the architecture in Section 3.5.

3.4. Multi-Way Adaptive Time-Aware LSTM

Multi-Way Adaptive Time-Aware LSTM (MWTA-LSTM) [15] addresses time and
frequency issues. It introduces two stacked recurrent units, each contributing a distinct
decay signal, whose outputs are fused through multi-way spatial-temporal pooling. The
first unit extends a T-LSTM base with a dedicated time gate T; that conditions the cell state
update directly on the elapsed interval [15]:

T = o(Wyxi 4 0a, (8(Ar)) + br) (17)

where ¢(A;) is a non-increasing function of the elapsed time A, and ¢ denotes a sigmoid
applied to the time-scaled term. This gate regulates how much of the new input influences
the cell state as a function of elapsed time. The second unit augments the forget gate with a
combined decay term that accounts for both temporal distance and sampling frequency:

Time-based decay ~ Frequency-based decay

—— —_—
fi=  fixta  +  (I—=fi)xfy (18)

where t; is a time-based decay scalar, and f; is a frequency-based decay scalar, both
learned from training data. The term (1 — f;) * f; acts as a complementary signal: when
the standard forget gate f, is small (indicating recent, relevant content should be retained),
the frequency decay term contributes proportionally more, preventing sudden sampling
bursts from artificially amplifying or suppressing cell-state content. Together, the two units
insulate long-term hidden state representations from outlier sampling frequencies without
discarding the temporal sensitivity established in Unit 1. Nevertheless, both units still
process every incoming data point regardless of the elapsed interval; updates are triggered
by data arrival, not by temporal significance. This coupling of update frequency to data
arrival is the structural assumption that the architecture in Section 3.6 explicitly breaks.

3.5. Attention-Based Time-Aware LSTM

DeepCare, T-LSTM, and Time-LSTM all share a structural constraint: each cell state C;
is derived strictly from the immediately preceding state C;_;. Rather than passing only C;_1
into the current update, Attention-Based Time-Aware LSTM Networks (ATTAINS) [32] ac-
cumulate cell states from every previous event and compute a combined memory weighted
by two independent sources:

=) WG (19)

i

where each combined weight W; is defined as
Wi = a;-6(t — t;) (20)

Here, a; is a learned attention weight reflecting the clinical salience of event i, derived
from the hidden state context at that step, and §(t — ¢;) is a continuous-time decay function
that penalises events proportionally to their temporal distance from the current prediction
point. Events that are both clinically salient and temporally proximate, therefore, receive
the highest combined weight, while events that are distant or contextually irrelevant are
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down-weighted along both dimensions simultaneously. This structure produces a natively
interpretable output: the weights W; constitute a human-readable attribution map showing
exactly which past events and time intervals drove each prediction. This makes ATTAIN
particularly effective in accountability-sensitive settings, such as septic shock forecasting,
where clinicians require not just a prediction but a traceable explanation. The cost of this
retrospective design is increased computational load relative to single-step architectures.
Additionally, ATTAIN does not explicitly address erratic or multi-frequency sampling
noise, a challenge that arises acutely in ICU environments and that the architecture in
Section 3.5 is specifically designed to handle.

3.6. Phased LSTM

All architectures discussed so far operate as passive decay models; they accept ev-
ery incoming data point and apply time-dependent modulation after the fact. Phased
LSTM [18] takes a structurally different position: rather than modulating what is remem-
bered after each update, it controls whether an update occurs at all, decoupling network
state transitions from raw data arrival. It introduces a new time gate k; that operates along-
side the standard input, forget, and output gates. ki is governed by a parametric oscillation
defined by three learnable parameters: a period 7, a phase shift s, and an open ratio o that
determines what fraction of each cycle the gate remains open. When the gate is closed, the
cell state and hidden state pass through unchanged, and the network effectively skips the
step; when open, the update proceeds normally. Because the open ratio is typically set low,
most steps are skipped entirely, which, in the original formulation, also yields substantial
computational savings alongside faster convergence on long sequences. This structure
is naturally suited to asynchronous multi-sensor streams, where different sensors fire at
entirely independent rates. Each sensor’s Phased LSTM unit learns its own oscillation
period independently, allowing the architecture to synchronise internal updates to the
semantically meaningful rhythm of each input channel rather than to the raw data clock.
By treating time as a coordinator for when information flows, rather than as a multiplier
applied to what already exists, this architecture represents a qualitatively different design
philosophy from the decay-based and attention-based families covered in Sections 3.1-3.5.

4. Taxonomy of Power-Law Retention Models

The standard LSTM offers no mechanism for representing heavier-tailed dependency
structures. For sequences with heavy-tailed dependency structures or irregular temporal
sampling, retention may take several functional forms; this section focuses specifically on
power-law models.

4.1. Power-Law-Based LSTM

The Power-Law-Based LSTM (pLSTM) [13] is a modification of the standard LSTM to
better model long-term dependencies in irregular temporal data. The key idea is to replace
or augment the standard memory decay of the LSTM with a power-law memory mech-
anism, allowing information to fade more gradually over time. Rather than exponential
decay, pLSTM proposes a forget gate based on the power-law function [13]:

t—kt-f—l -r

fe= (m) (21)

where k; is the reference time. The power p is the key parameter. The power-law decay is
slower as p approaches 0, suggesting that long-range dependencies are better captured
with small values of p. The power p is treated as a learnable parameter. A small ¢ = 0.001 is

https://doi.org/10.3390/s26154868


https://doi.org/10.3390/s26154868

Sensors 2026, 26, 4868

10 of 21

added to the denominator to prevent numerical instability during backpropagation. This
gate grants a slower information decay rate. The complete gating mechanism is defined as

ki=rOt+ (1 *T’t) Oki_q (22)
ry = O'(Urxt + thtfl + br) (23)
ct=fi®c1+ir®cy (24)

where a reset gate r; controls when the reference time k; should be updated based on the
input and recurrent information. When the reset gate is activated (r; — 1), the reference time
resets to the current timestep t; otherwise, k; is held at its prior value to allow information
to continue decaying from that reference point.

4.2. Time-Aware LSTM with Power-Law Decay

Kim [33] developed a Time-Aware with Power-Law Decay LSTM (T-pLSTM)), a direct
hybrid of T-LSTM and pLSTM. It retains T-LSTM's adjusted memory cell to handle irregular
time intervals, and replaces the standard forget gate with pLSTM’s power-law forget gate
to handle long-timescale retention. T-pLSTM can handle long-timescale patient records
with irregular elapsed time by a power-law forget gate and an adjusted memory cell. The
adjusted memory cell (inherited from T-LSTM) decomposes the previous cell state into
short-term and long-term subspaces, discounting only the short-term component by a
function of elapsed time At, preserving stable long-range clinical history while allowing
recent transient signals to decay appropriately. T-pLSTM is the only architecture in the
literature that simultaneously uses time as a decay scalar (the adjusted memory cell from
T-LSTM) and non-exponential retention (the power-law forget gate from pLSTM). It is
not a new design philosophy; rather, it is a principled hybridisation of two existing ap-
proaches that individually addressed only one of the two failure modes. Kim [33] also
introduces a bidirectional version, Bidirectional Time-Aware with Power-Law Decay LSTM
(BiT-pLSTM), which processes the patient sequence in both forward and backward di-
rections simultaneously. Training in two directions, exploited in Bi-LSTM, often leads to
better performance than traditional LSTM. The bidirectional extension allows the model to
incorporate both past clinical history and future trajectory context when making predictions
at any given timestep, particularly useful in oncology, where both prior progression and
eventual outcomes are informative.

5. Discussion and Future Directions

The structural adaptations detailed in this section represent cell-level engineering de-
signed to adapt discrete-time recurrence to more realistic real-world continuous dynamics.
However, the modern sequential modelling landscape is defined by a broader architectural
debate: whether temporal non-uniformity should be managed via analytical, discrete-time
gating extensions or delegated to entirely continuous-time differential equations and linear
state-space formulations.

5.1. Towards a Unified Temporal Gating Framework

The survey of architectures in Sections 3 and 4 reveals a recurring structural pattern
across time-aware and power-law retention models. Each design independently compen-
sates for the same root limitation of the standard forget gate, namely, its inability to jointly
adapt its attenuation speed and decay curve shape as a function of elapsed time and input
content. In T-pLSTM specifically, this pattern produces visible redundancy: the subspace
decomposition, the monotone short-term decay correction, and the power-law gate each ad-
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dress a different symptom of the same underlying cause, resulting in a three-stage pipeline
whose complexity is not justified by a three-way distinction in the problem.

The claim that time-aware and power-law models compensate for the same underlying
limitation is demonstrated below by decomposing each architecture into the elementary
mechanisms it uses. Three deficiencies of the standard forget gate motivate every ar-
chitecture reviewed in Sections 3 and 4: (P1) insensitivity to elapsed time At, (P2) lack
of heavy-tailed retention, and (P3) a fixed, non-adaptive parameterisation of the decay
rate and shape. Table 1 classifies each model by which of the six recurring elementary
mechanisms it uses to address these deficiencies.

Table 1. Summary of mechanism overlap.

(Bidirectional) At-Scaled At as Explicit Subspace Power-Law  Retrospective Oscillatory Properties
Forget Gate Gate Input Decomposition Gate Attention Gating Addressed
DeepCare [30] v (Mode 1) v (Mode 2) - - - - P1
T-LSTM V/(Short-term
[14] only) - v/ - - - Pl
Time-LSTM
[31] - v (T1, T2) - - - - P1
ATTAIN v (Continuous
[32] decay) B ) B v B Pl
MWTA-LSTM
[15] - v v - - - P1
Phased LSTM
[15] - - - - - v P1
pLSTM [13] - - - v - - P2
T-pLSTM /(Short-term) - v v - - P1+P2
[33]
BiT-pLSTM P1+P2
[33] ¥ (Short-term) B 4 4 ) B (Bidirectional)

DeepCare, T-LSTM, Time-LSTM, MWTA-LSTM, ATTAIN, and Phased LSTM each
address P1 alone, but do so through five structurally distinct mechanisms (scalar gate scal-
ing, explicit gate embedding, subspace-limited discounting, attention-weighted decay, and
oscillatory gating), none of which address P2 or P3. Only pLSTM addresses P2 alone via a
single substituted gate function. T-pLSTM and BiT-pLSTM are the only architectures that
combine mechanisms across columns, and they do so by concatenating two already-existing
solutions (T-LSTM’s subspace decomposition and pLSTM’s power-law gate) rather than by
deriving a new mechanism that satisfies both properties jointly. No model in the taxonomy
addresses P3. This mechanism-level view supports three conclusions. First, mechanisms
used to address P1 are functionally interchangeable at the level of the property they solve,
which is evidence of redundant parallel invention rather than principled architectural
diversity. Second, T-pLSTM and BiT-pLSTM’s combination of subspace decomposition and
power-law gating is additive rather than integrative: it stacks two P1/P2 solutions side by
side instead of producing a mechanism that satisfies both from a shared parameterisation.
Third, the lack of addressing P3 is direct evidence for the gap: no existing mechanism, how-
ever it is combined with others, makes decay simultaneously time-aware, non-exponential,
and content-adaptive.

The pattern observed suggests a broader design principle worth articulating rather
than assembling independent corrective modules in sequence: a more parsimonious ar-
chitecture would integrate temporal sensitivity, decay rate control, and curve shape into a
single, jointly learned gating operation, in which the forget gate receives elapsed time and
input content as first-class inputs and determines both the speed and shape of decay as
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data-dependent functions, eliminating the need for a pre-processing decomposition stage.
This design principle can be stated as three functional properties a unified temporal forget
gate should satisfy jointly: sensitivity to elapsed time (P1), heavy-tailed decay (P2), and
content-aware adaptation of both the decay rate and decay shape (P3).

To move beyond stating these properties qualitatively, we propose an exemplary
framework, as given in Figure 3. We provide candidate parameterisation and verify
analytically that it satisfies all three considered principles.

Input,
X Decay rate,
v I |
Hidden state, Content-adaptive
-+ parameter Unified decay
h._ Decay shape, :
=1 generator > function,
P g(At, 2, p)
Elapsed time, f A
At
Stability |
constraints

Figure 3. An exemplary framework for the unified gate. Solid arrows denote data dependencies;
the dashed arrow denotes the stability constraints (boundedness, monotonicity in At, and the At =0
boundary condition) that the unified decay function g must satisfy.

Let a generator produce decay parameters directly from the current input and
hidden state:
At) = softplus(WA[xt; hi_1]+by) (25)

P(t) = Pruin + 0 (Wplx 11| +bp) (26)
and let these jointly parameterise a generalised power-law forget gate:

1
(14 A(t) - At)PH)

g(At, A, p) = 27)

p(HA ()
(14+A (1) AP
retention decreases strictly monotonically with elapsed time. It satisfies P2, since g decays

This formulation satisfies P1, since % = — <Oforall A, p>0,so

polynomially in At. It satisfies P3 by construction, since A(t) and p(t) are functions of x(t)
and h(t — 1) rather than fixed hyperparameters. Boundedness and stability constraints
must be verified for this formulation to be well-posed. In this case, these follow directly
from the same construction: because A, p >0, 1+ A(t)At > 1forall At > 0,s0 g(At) € (0,1].
The formulation above is presented as a candidate mechanism supported by analytical
derivation of P1-P3 and the associated stability guarantee; it has not yet been empirically
validated. This is the primary direction for future work: implementing the gate above
as a drop-in replacement for the standard forget gate and benchmarking it against the
architectures to determine whether the analytical gains in P1-P3 translate into measurable
improvements in retention quality, predictive accuracy, and training stability, and whether
the generator above requires additional capacity.
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5.2. Competing Paradigms: Neural ODEs, State-Space Models, and Continuous-Time Attention
vs. LSTMs

The primary alternatives to time-aware recurrent networks belong to two major
architectural families: Neural Ordinary Differential Equations (Neural ODEs) [34] and
Structured State-Space Models (SSMs). Both paradigms fundamentally reshape how history
and continuous time are represented in sequence modelling. Neural ODEs parameterise
the continuous derivative of the network’s hidden state trajectory using a neural network,
bypassing discrete layer or step indices entirely. When an asynchronous observation arrives,
a numerical solver integrates this continuous trajectory across the exact elapsed continuous
time interval to advance the hidden state. Building on these continuous foundations,
selective SSMs [35] map an input signal to a latent state, and then project it to an output via
a linear first-order differential system. To process digitised sequences, these underlying
equations are discretised using a time-step parameter. In models like Mamba [35], this
parameter is calculated as a data-dependent, dynamic function of the input, enabling the
architecture to act as a selective filter that scales its historical retention based on the precise
temporal spacing and content of incoming elements. While these alternative frameworks
are mathematically elegant, they introduce distinct system-level trade-offs when contrasted
with structurally modified recurrent cells. First, neural ODEs rely on iterative numerical
solvers that evaluate the trajectory multiple times per interval to satisfy strict local error
tolerances. This introduces highly variable forward and backward pass latency [34]. In
contrast, time-aware LSTMs compute time-decay adjustments analytically in a single step
using closed-form expressions of the elapsed time, ensuring deterministic, fast, and highly
predictable runtimes during training and edge deployment. Second, numerical ODE solvers
remain vulnerable to error accumulation and gradient instability when sequences span
thousands of steps [25].

Another competing paradigm dispenses with recurrent decay altogether in favour
of attention over a continuous-time representation. Multi-Time Attention Networks
(mTANS) [21] replace the forget gate with a learned continuous-time embedding, a di-
rect generalisation of the transformer’s positional encoding to continuous time, paired with
multi-head cross-attention that re-represents an irregular observation sequence at a fixed
set of reference points. There is no decayed hidden state to characterise in the terms used
elsewhere in this survey, because the mechanism does not propagate memory forward
at all; it reconstructs a fixed-length representation from all observations directly. ContiF-
ormer [22] goes further, embedding Neural ODE dynamics inside the attention mechanism
itself, so that queries, keys, and values evolve continuously between observations. This
directly extends the discrete-step assumption underlying standard Transformer attention
into continuous time, at a computational cost markedly higher than either a standard
Transformer or the recurrent architectures reviewed in Sections 3 and 4, since it requires
solving an ODE within every attention computation.

Conversely, structurally modified recurrent cells retain explicit, bounded gating lay-
outs that stabilise gradient flow [36]. This enables simple, time-decaying LSTMs and GRUs
to deliver highly competitive accuracy on irregular multivariate forecasting tasks without
complex numerical solver loops. Also, selective SSMs exploit parallel associative scan
algorithms to achieve sub-quadratic training speeds over massive contexts. However,
this optimisation strictly requires a linear latent transition structure. While time-aware
LSTMs scale sequentially, their fully non-linear gating loops allow them to learn intricate,
state-dependent interactions where the rate of memory erasure adapts non-linearly to the
structural importance of incoming data. Table 2 shows a summary of key comparisons of
the LSTM variants discussed in this survey and other alternative architectures.
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Table 2. Comparative summary of gate-modifying LSTMs and some alternative architectures for irregular temporal data.
Temporal Computational Additional o1 Application Key
Model Decay Type Mechanism Complexity Parameters Memory Cost Interpretability Domain Key Strength Limitation
Multiplicative, No time-gap 2 . . Blind to At;
Standard LSTM content- mechanism; O(T %) per None (standard I General sequence Gradient stability; underweights
1 sequence O(T-d) activations Low ; well-understood
[3] dependent (no equidistant step ; gates only) modelling . long-range
. . (baseline) gating .
explicit At term) assumption dependencies
Forget gate .scaled Decay-scaling Slightly higher Moderate (decay Healthcare/HER First time-aware Full cell state
. . by At; optional 5 . . K factor . LSTM;
Logarithmic/ L O(T-d*) + minor weights + diagno- than LSTM . (diabetes . ; decays
DeepCare [30] . clinical A ; . interpretable; . intervention- s
parametric . . decay overhead sis/intervention (embedding . progression and e indiscriminately;
intervention ) embeddings less - conditioned 4
. embeddings tables) readmission) . no subspace split
embedding s0) forgetting
Subspace
decomposition; 2 . Decay-transform Healthcare Preserves Single-step
T-LSTM Inverse,/logarithmic only the Cc)l(T'd )+ n_1t1.nor weight matrix Wd Slightly higher (shox(igﬁrase litis (patient subtyping long-range update, with
[14] 5 short-term ecomposition for short-term than LSTM . & 5P and clinical time context; selective standard forget
. overhead inspectable) . .
component is subspace series) short-term decay gate retained
discounted
Dedicated time Dual-gate Moderate (gates Recommender
. Sigmoid- gate(s) with At; O(T-d?) with overhead; two . 8 Architecturally No retrospective
Time-LSTM - . . Higher than LSTM separate systems . .
weighted time dual gates (T1 and dual-gate extra gate weight . separates short- vs.  attention; limited
[31] . . (extra gates) short-/long-term (session-based . L
gate T2) for interest overhead matrices (T1 and . - long-term interest explainability
interest) recommendation)
types T2)
Attention over all Interpretable Higher cost; does
2. . . . . . ;
ATTAIN . ' pa'st states o(T .d) (full Atte.ntlon / sal}ence High (retains all ng}} (atten'tlon Healthcare (sePtlc ateribution map ot handle
Continuous time weighted by attention over weight matrices; weights give shock progression; . .
[32] . . past cell states) A over past clinical multi-frequency
salience and history) decay parameters attribution) HER) .
events noise
temporal decay
TW.O stacked units: O(T-d?) with Frequency/last- Multivariate
Time and time gate and added observation ICU/clinical time Handles elapsed Updates at every
MWTA-LSTM [15] frequency- - S Higher than LSTM Low-moderate S time and sampling .
frequency based parameterisation parameterisation series (irregular L arrival
augmented forget . . frequency jointly
gate overhead weights sampling)
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Table 2. Cont.
Temporal Computational Additional o Application Key
Model Decay Type Mechanism Complexity Parameters Memory Cost Interpretability Domain Key Strength Limitation
Decouples
Time eate with st;)(r;iri %;?M' Lower effective Moderate updates from data
Phased L.STM Oscillation based learna‘gle eriod sparse U dates’ Period T, phase runtime memory (learnable Event- arrival; Fixed oscillation;
[18] (no decay) hase ang o en, Is) ubstanfiiall shift s, and open (sparse updates), rhythms based/asynchronous  substantially misses aperiodic
Y P ’r atio P reduce tota{ ratio ron per unit despite added inspectable per sensor data; audio fewer updates events
date count parameters unit) than standard
update cou LSTM
Power-law General
exponeth Moderate long-range Heavy-tailed No time-gap
Power-law forget O(T-d?) + minor parameter(s); ~3/4 Slightly lower (exponent sequence decay captures awareness;
pLSTM [13] Power-law the parameters of . modelling (copy ) o
gate overhead than LSTM interpretable as . long-range equidistant step
standard LSTM task, sentiment, . .
decay rate) - dependencies assumption
per reported and sequential
experiments MNIST)
Adds two
temporal
correction
Subspace Healthcare/EHR Only model mechanisms
3 .d2 P y
T-pLSTM Power-law and Fl;lle“cs(;[mM :ﬁ?gscf (g(r;rlbciln)eg decomposition Higher than LSTM (NSCLC tumour combining At concurrently; in
p[%] time-scaled LSTM power—law bspace/deca matrices + (both parameter Moderate size and survival correction with the source thesis,
o subspace P for Et ate su Z{;eiﬁeagc Y power-law sets) prediction; SEER non-exponential ~ performance gains
8¢t 8 coefficient p data) decay degraded when
training data were
sparse (short
patient sequences)
Empirically
inconsistent gains
Bidirectional . over T-pLSTM; in
. Power-law and T-pLSTM; ~2x T-pLSTM T-pLSTM Rgtrospectlve S the source thesis,
BiT-pLSTM . parameters clinical sequence  Adds bidirectional .
133] time-scaled processes (forward + duplicated per ~2x T-pLSTM Moderate analysis (same context it underperformed
: (bidirectional) sequences forward backward pass) plicated p y T-pLSTM on
direction NSCLC dataset)
and backward several
survival-month
comparisons
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Table 2. Cont.
Temporal Computational Additional o1 Application Key
Model Decay Type Mechanism Complexity Parameters Memory Cost Interpretability Domain Key Strength Limitation
Sequence encoded
(e.g., via
RNN/ODE-RNN)
into a latent initial Irregularl
state; a neural 2. ODE-function . . . swary o .
network O(T-NFE-d*); NFE network weights High (naive Low (continuous sampled time Principled Solver latency;
Latent ODE [23] Continuous ODE arameterises = solver function encoder network, backprop); trajectory and series (originally continuous-time error
- trajectory P evaluations § reducible via dynamics probed physiologi- handling; no accumulation on
dz/dt, and an R and solver L. . . . . .
(variable) adjoint method only indirectly) cal/synthetic discrete step bias long sequences
ODE solver tolerance benchmarks)
evolves the latent
trajectory forward
through arbitrary
At
dz/dt=
f(z,t)-dX/dt, Irregularl
Continuous where X is a O(T-NFE-d?); Vector-field sam %e d tir}rlle Principled Solver latency;
Neural CDE data-controllé d continuous similar network weights + High; reducible Low series slith incom- continuous-time error
[25] traiector interpolation of solver-dependent  data interpolation  via adjoint method ing /streamin handling; no accumulation on
) y the observed data  cost to Latent ODE scheme & data & discrete step bias long sequences
acting as a control
path
Linear
time-invariant
structure relaxed
via a nonlinear,
Lower than Long-context input-dependent
Discretisation A as O(T-d) Selective SSM attention (linear); Low sequence Sub-quadratic selection
Mamba Data-dependent dynamic input (sub-quadratic, rojections (A, B hicher than ! (data-dependent modelling training, mechanism (A, B,
[35] linear transition function; selective hardware-aware proj and C) 7 va rigilla LSTM selection is (language, long-context, and C); no native
history filtering parallel scan) opaque) genomics, and content-selective representation of
(expanded state) . .
audio) elapsed time

between
irregularly
sampled
observations

https://doi.org/10.3390/526154868


https://doi.org/10.3390/s26154868

17 of 21

Sensors 2026, 26, 4868
Table 2. Cont.
Temporal Computational Additional o Application Key
Model Decay Type Mechanism Complexity Parameters Memory Cost Interpretability Domain Key Strength Limitation
Learned
continuous-time
embeddlmg Homoscedastic
(generalised Learns temporal output
positional Higher than LSTM Irregularly similarity from pt
R . . . Moderate . uncertainty;
Not decav-based: encoding) + O(T-d) embedding  Time-embedding (stores (attention weights sampled data instead of attention cost
mTAN cecaybaseds multi-head +O(T-R-d) network + embeddings for all & multivariate time fixed decay .
continuous-time . . . over reference . .. : scales with
[21] . temporal cross-attention; R multi-head observations, not a . series (originally kernels; flexible
embedding . . . . . points are g . number of
cross-attention = reference points  attention weights single decayed . clinical, e.g., interface to any .
inspectable) observations
re-represents state) MIMIC-IIT) downstream .
. . rather than being
irregular architecture . .
A fixed like a gate
observations at a
fixed reference
point
Neural ODE
dynamics
embedded inside Combines
the transf(?rmer s Markedly higher continuous- Subs.tantlally
attention . dynamics higher
. than standard . . General irregular . -
mechanism; . High (solver- Low (continuous . . expressivity of computation cost
Not decay-based . Transformer, ODE vector-field . time series . K
. R queries/keys/values R dependent, attention L. Neural ODEs with than either
ContiFormer continuous latent quadratic network + - classification, .
. evolve . . compounded by dynamics are not . : the parallelism of standard
[22] trajectory replaces . attention plus an standard attention . . interpolation, and .
continuously L - quadratic directly - attention; breaks Transformers or
decay ODE solver per projection weights ) . forecasting .
between . attention memory) inspectable) the discrete-step the recurrent
- attention benchmarks . .
observations, computation assumption of architectures
extending discrete P standard reviewed here
Transformers

dot-product
attention into
continuous time
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5.3. Practical Considerations: Training Difficulty, Hyperparameter Sensitivity, and
Deployment Challenges

While asymptotic complexity characterises ideal efficiency, production deployment in
Industrial Internet of Things (IloT) settings depends on training stability, hyperparameter
tuning burden, and edge hardware execution constraints. This subsection synthesises these
practical dimensions across the architectures reviewed in Sections 3, 4, 5.1 and 5.2.

Training difficulty generally increases with the number of interacting temporal mecha-
nisms. Single-decay models such as DeepCare and T-LSTM can typically be optimised using
standard first-order methods. Dual-gated architectures, including Time-LSTM and MWTA-
LSTM, introduce larger hyperparameter search spaces that require balancing multiple
temporal decay processes. Multi-mechanism variants, such as T-pLSTM and BiT-pLSTM,
further increase complexity by combining subspace decomposition, short-term discount-
ing, and power-law retention. ATTAIN incurs training time proportional to sequence
length due to full-window attention weighting, whereas continuous-time models (Neural
ODE/CDE) rely on numerical solvers or adjoint methods, where training stability hinges
on non-standard solver tolerances. In case of hyperparameter sensitivity, discretely gated
baselines rely on standard hidden-unit and learning-rate tuning. Adding a power-law
coefficient expands this burden significantly; empirical findings reveal it varies nearly
threefold across task regimes and sequence lengths, offering no universal default. Phased
LSTM introduces initialisation sensitivity, where poorly chosen period or phase parameters
can permanently desynchronise units from sensor streams. Neural ODEs/CDEs intro-
duce solver choice alongside relative and absolute error tolerances, complicating standard
tuning pipelines. For deployment and edge execution issues, discrete gate architectures
compute temporal adjustments analytically in closed form, guaranteeing the predictable,
bounded latency required for real-time edge monitoring. Phased LSTM further reduces
compute by skipping inactive unit updates. Conversely, ATTAIN’s memory footprint
grows linearly with sequence length, risking memory exhaustion in continuous monitoring.
Neural ODE/CDE inference latency is inherently unpredictable due to variable solver
step counts. Finally, state-space models like Mamba offer sub-quadratic scaling, but these
gains rely on GPU-class parallel scan primitives that do not automatically translate into
resource-constrained edge hardware lacking dedicated kernel support. Stacking indepen-
dent correction mechanisms, whether temporal subspaces, power-law coefficients, or solver
tolerances, compounds training difficulty and deployment overhead. This reinforces the
need for unified, single-gate temporal operations.

6. Conclusions

This paper has addressed a fundamental challenge at the intersection of sequence
modelling and Intelligent Industrial IoT: the structural mismatch between the synchronous
design of Long Short-Term Memory (LSTM) networks and the irregularly sampled nature
of industrial sensor streams. While standard LSTMs remain foundational for sequential
analysis, their reliance on equidistant time steps and rigid memory decay limits their ca-
pacity to model long-term dependencies in the non-stationary environments characteristic
of condition monitoring, fault detection, and predictive maintenance. Our survey demon-
strates that existing architectures are partial instantiations of a deeper, unrealised design
objective. The redundancy observed across these models, where independent mechanisms
compensate for the same root cause, highlights the need for a more principled approach.
We have articulated a unified design framework grounded in three essential properties:
elapsed-time sensitivity, heavy-tailed retention, and content-aware parameterisation of
decay rate and curve shape, each directly translatable into the operational demands of
real IIoT sensing pipelines. The central contribution of this review is to shift the discourse
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from patching individual LSTM limitations toward formalising a unified temporal forget
gate that collapses multi-stage pipelines into a single, differentiable operation, reducing
deployment complexity in safety-critical industrial systems. How such a gate generalises
across heterogeneous IloT sensor modalities and scales within modern foundation models
remains the principal direction for future research.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence
DL Deep Learning
EHR Electronic Health Record
GRU Gated Recurrent Unit
GORU Gated Orthogonal Recurrent Unit
10T Internet of Things
ot Industrial Internet of Things
LSTM Long Short-Term Memory
MGU Minimal Gated Unit
MWTA-LSTM  Multi-Way Adaptive Time-Aware LSTM
ODE Ordinary Differential Equation
SSM State-Space Model
T-LSTM Time-Aware LSTM
RNN Recurrent Neural Network
References
1. Mundlamuri, R.; Gunnam, G.R.; Mysari, N.K.; Pujuri, J. The Evolution of Al: From Classical Machine Learning to Modern Large
Language Models. IEEE Access 2025, 13, 178302-178341. [CrossRef]
2. Hu, J.; Wang, X.; Zhang, Y.; Zhang, D.; Zhang, M.; Xue, ]. Time Series Prediction Method Based on Variant LSTM Recurrent
Neural Network. Neural Process. Lett. 2020, 52, 1485-1500. [CrossRef]
3.  Hochreiter, S.; Schmidhuber, J. Long short-term memory. Neural Comput. 1997, 9, 1735-1780. [CrossRef] [PubMed]
4. Krichen, M.; Mihoub, A. Long Short-Term Memory Networks: A Comprehensive Survey. Al 2025, 6, 215. [CrossRef]
5. Kularbphettong, K.; Kaewrattanapat, N.; Raksuntorn, N. An Intelligent IoT-Based Predictive Control System for Water Quality
and Energy Management in Koi Aquaculture. Sensors 2026, 26, 3238. [CrossRef] [PubMed]
6. Yu, Y; Si, X,; Hu, C.; Zhang, J. A Review of Recurrent Neural Networks: LSTM Cells and Network Architectures. Neural Comput.
2019, 31, 1235-1270. [CrossRef] [PubMed]
7. Chen, H; Lee,S.; On, B.W.,; Jeong, D. LSTM-Based Path Prediction for Effective Sensor Filtering in Sensor Registry System. Sensors
2021, 21, 8106. [CrossRef] [PubMed]
8. Herrera, M.; Sasidharan, M.; Merino, J.; Parlikad, A.K. Handling Irregularly Sampled IoT Time Series to Inform Infrastructure

Asset Management. [FAC-Pap. 2022, 55, 241-245. [CrossRef]

https:/ /doi.org/10.3390/s26154868


https://doi.org/10.1109/access.2025.3621344
https://doi.org/10.1007/s11063-020-10319-3
https://doi.org/10.1162/neco.1997.9.8.1735
https://www.ncbi.nlm.nih.gov/pubmed/9377276
https://doi.org/10.3390/ai6090215
https://doi.org/10.3390/s26103238
https://www.ncbi.nlm.nih.gov/pubmed/42198045
https://doi.org/10.1162/neco_a_01199
https://www.ncbi.nlm.nih.gov/pubmed/31113301
https://doi.org/10.3390/s21238106
https://www.ncbi.nlm.nih.gov/pubmed/34884109
https://doi.org/10.1016/j.ifacol.2022.09.214
https://doi.org/10.3390/s26154868

Sensors 2026, 26, 4868 20 of 21

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

Zhang, Y.; Wang, X.; Yu, X.; Zhou, Z.; Xu, X,; Bai, L.; Wang, Y. DIFFODE: Neural ODE with Differentiable Hidden State for
Irregular Time Series Analysis. In Proceedings of the 2025 IEEE 41st International Conference on Data Engineering (ICDE), Hong
Kong, 19-23 May 2025; pp. 1-14.

Weerakody, P.B.; Wong, KW.; Wang, G.; Ela, W. A review of irregular time series data handling with gated recurrent neural
networks. Neurocomputing 2021, 441, 161-178. [CrossRef]

Mahmoudi, A. Investigating LSTM-based time series prediction using dynamic systems measures. Evol. Syst. 2025, 16, 71.
[CrossRef]

Habiba, M.; Pearlmutter, B.A.; Maleki, M. Emerging Trends and Open Challenges in Time Series Modeling. In Recent Trends in
Modelling the Continuous Time Series Using Deep Learning; Springer: Cham, Switzerland, 2026. [CrossRef]

Chien, H.-Y,; Turek, J.; Beckage, N.; Vo, V.; Honey, C.; Willke, T. Long Short-Term Memory with Slower Information Decay. In
Proceedings of the LatinX in AI (LXAI) Research workshop at ICML 2021, Virtually, 19 July 2021.

Baytas, LM.; Xiao, C.; Zhang, X.; Wang, F.; Jain, A K.; Zhou, J. Patient Subtyping via Time-Aware LSTM Networks. In Proceedings
of the 23rd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, Halifax, NS, Canada, 13-17
August 2017; pp. 65-74.

Cissoko, M.B.H.; Castelain, V.; Lachiche, N. Multi-Way adaptive Time Aware LSTM for irregularly collected sequential ICU data.
Expert Syst. Appl. 2025, 261, 125548. [CrossRef]

Song, Y.; Cai, C.; Ma, D.; Li, C. Modelling and forecasting high-frequency data with jumps based on a hybrid nonparametric
regression and LSTM model. Expert Syst. Appl. 2024, 237,121527. [CrossRef]

Zhang, L.; Hua, L. Major Issues in High-Frequency Financial Data Analysis: A Survey of Solutions. Mathematics 2025, 13, 347.
[CrossRef]

Neil, D.; Pfeiffer, M.; Liu, S.-C. Phased LSTM: Accelerating Recurrent Network Training for Long or Event-based Sequences. In
Proceedings of the 30th Conference on Neural Information Processing Systems (NIPS 2016), Barcelona, Spain, 10 December 2016.
Che, Z.; Purushotham, S.; Cho, K.; Sontag, D.; Liu, Y. Recurrent Neural Networks for Multivariate Time Series with Missing
Values. Sci. Rep. 2018, 8, 6085. [CrossRef] [PubMed]

Shukla, S.N.; Marlin, B.M. Interpolation-Prediction Networks for Irregularly Sampled Time Series. In Proceedings of the
International Conference on Learning Representations, New Orleans, LA, USA, 6-9 May 2019.

Shukla, S.N.; Marlin, B.M. Multi-Time Attention Networks for Irregularly Sampled Time Series. In Proceedings of the International
Conference on Learning Representations, Virtual, 3-7 May 2021.

Chen, Y,;; Ren, K.; Wang, Y; Fang, Y.; Sun, W,; Li, D. ContiFormer: Continuous-Time Transformer for Irregular Time Series
Modeling. In Proceedings of the 37th Conference on Neural Information Processing Systems (NeurIPS 2023), New Orleans, LA,
USA, 10-16 December 2023.

Rubanova, Y.; Chen, RT.Q.; Duvenaud, D. Latent ODEs for Irregularly-Sampled Time Series. In Proceedings of the 33rd
Conference on Neural Information Processing Systems (NeurIPS 2019), Vancouver, BC, Canada, 8-14 December 2019.

Habiba, M.; Pearlmutter, B.A. Neural Ordinary Differential Equation based Recurrent Neural Network Model. In Proceedings of
the 31st Irish Signals and Systems Conference (ISSC), Letterkenny, Ireland, 11-12 June 2020; pp. 1-6.

Kidger, P.; Morrill, J.; Foster, J.; Lyons, T. Neural Controlled Differential Equations for Irregular Time Series. In Proceedings of the
34th Conference on Neural Information Processing Systems (NeurIPS 2020), Vancouver, BC, Canada, 6-12 December 2020.
Cho, K.; Bahdanau, D.; Bougares, F.; Schwenk, H.; Bengio, Y. Learning Phrase Representations using RNN Encoder-Decoder for
Statistical Machine Translation. In Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing
(EMNLP), Doha, Qatar, 25-29 October 2014; pp. 1724-1734.

Chung, J.; Gulcehre, C.; Cho, K.; Bengio, Y. Gated Feedback Recurrent Neural Networks. In Proceedings of the 32nd International
Conference on Machine Learning, Lille, France, 6-11 July 2015.

Zhou, G.-B.; Wu, ].; Zhang, C.-L.; Zhou, Z.-H. Minimal gated unit for recurrent neural networks. Int. J. Autom. Comput. 2016, 13,
226-234. [CrossRef]

Jing, L.; Gulcehre, C.; Peurifoy, J.; Shen, Y.; Tegmark, M.; Soljacic, M.; Bengio, Y. Gated Orthogonal Recurrent Units: On Learning
to Forget. In Neural Computation; MIT Press: Cambridge, MA, USA, 2019; Volume 31, pp. 765-783. [CrossRef] [PubMed]

Pham, T.; Tran, T.; Phung, D.; Venkatesh, S. DeepCare: A Deep Dynamic Memory Model for Predictive Medicine. In Proceedings
of the Advances in Knowledge Discovery and Data Mining. PAKDD 2016; Lecture Notes in Computer Science, Auckland, New
Zealand, 19-22 April 2016.

Zhu, Y,; Li, H,; Liao, Y.; Wang, B.; Guan, Z.; Liu, H.; Cai, D. What to do next:Modeling user behaviors by time-LSTM. In
Proceedings of the Twenty-Sixth International Joint Conference on Artificial Intelligence (IJCAI-17), Melbourne, Australia, 19-25
August 2017; pp. 3602-3608.

Zhang, Y.; Yang, X.; Ivy, J.; Chi, M. ATTAIN: Attention-based Time-Aware LSTM Networks for Disease Progression Modeling. In
Proceedings of the 28th International Joint Conference on Artificial Intelligence, Macao, China, 10-16 August 2019; pp. 4369-4375.

https:/ /doi.org/10.3390/s26154868


https://doi.org/10.1016/j.neucom.2021.02.046
https://doi.org/10.1007/s12530-025-09703-y
https://doi.org/10.1007/978-3-032-18022-3_3
https://doi.org/10.1016/j.eswa.2024.125548
https://doi.org/10.1016/j.eswa.2023.121527
https://doi.org/10.3390/math13030347
https://doi.org/10.1038/s41598-018-24271-9
https://www.ncbi.nlm.nih.gov/pubmed/29666385
https://doi.org/10.1007/s11633-016-1006-2
https://doi.org/10.1162/neco_a_01174
https://www.ncbi.nlm.nih.gov/pubmed/30764742
https://doi.org/10.3390/s26154868

Sensors 2026, 26, 4868 21 of 21

33. Kim, C. A Time-Aware LSTM Approach to Predict Tumor Size and Survival Month in Non-Small Cell Lung Cancer. Master’s
Thesis, The University of Oklahoma, Norman, OK, USA, 2022.

34. Chen, RT.Q.; Rubanova, Y.; Bettencourt, J.; Duvenaud, D. Neural Ordinary Differential Equations. In Proceedings of the 32nd
Conference on Neural Information Processing Systems (NeurIPS 2018), Montréal, QC, Canada, 2-8 December 2018.

35. Gu, A.; Dao, T. Linear-Time SequenceModeling with Selective State Spaces. In Proceedings of the Conference on Language
Modeling, Philadelphia, PA, USA, 7-9 October 2024.

36. Pascanu, R.; Mikolov, T.; Bengio, Y. On the difficulty of training recurrent neural networks. In Proceedings of the 30th International
Conference on Machine Learning, Atlanta, GA, USA, 7-9 October 2013.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https:/ /doi.org/10.3390/s26154868


https://doi.org/10.3390/s26154868

	Introduction 
	Background 
	Taxonomy of Time-Aware Architectures 
	DeepCare 
	Mode 1: Monotonic Time Decay 
	Mode 2: Forgetting Through Parametric Time 

	Time-Aware LSTM 
	Time-LSTM 
	Multi-Way Adaptive Time-Aware LSTM 
	Attention-Based Time-Aware LSTM 
	Phased LSTM 

	Taxonomy of Power-Law Retention Models 
	Power-Law-Based LSTM 
	Time-Aware LSTM with Power-Law Decay 

	Discussion and Future Directions 
	Towards a Unified Temporal Gating Framework 
	Competing Paradigms: Neural ODEs, State-Space Models, and Continuous-Time Attention vs. LSTMs 
	Practical Considerations: Training Difficulty, Hyperparameter Sensitivity, and Deployment Challenges 

	Conclusions 
	References

