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ABSTRACT

A central challenge in deep learning lies in achieving strong model generalisation, an area in which conventional optimisers
such as stochastic gradient descent (SGD) often exhibit limitations, even though they ensure convergence. This paper introduces
cascaded inertia SGD (CISGD), a novel optimisation algorithm specifically designed to address this challenge. The core
mechanism of CISGD involves a hierarchical aggregation of historical gradients: it first accumulates past gradients and then
compounds these accumulations to form multi-stage inertial terms. This deep integration of gradient history allows the opti-
miser produce more stable optimisation trajectories, thereby encouraging convergence towards flatter minima that are
empirically associated with improved generalisation. To enhance practicality and robustness, we further eliminate manual
hyperparameter tuning through a lightweight feed-forward neural network that automatically learns the optimal coefficients of
the inertial terms, ensuring adaptability across diverse architectures and tasks. Extensive experiments on benchmark image
classification and remote sensing change detection tasks demonstrate that CISGD consistently achieves superior generalisation
performance compared with existing optimisers, demonstrating that CISGD achieves consistent, though moderate, improve-
ments over standard optimisers while maintaining computational efficiency. This work offers a practical and theoretically
grounded framework for automated and generalisable optimisation, promoting broader applications of adaptive deep learning
in complex real-world tasks.

1 | Introduction Stochastic gradient descent (SGD) and its variant, SGD with

momentum (SGDM) [7-9], are among the most widely used

In recent years, deep learning has achieved remarkable success
in the field of remote sensing image processing. Deep learning-
based models have delivered strong performance across diverse
tasks, including change detection [1, 2], object detection [3],
semantic segmentation [4], scene recognition [5], and land use
classification [6] in remote sensing images. Despite these ad-
vances, generalisation remains challenging, especially under
distribution shifts and adversarial perturbations. As a core
component of training, the optimiser strongly influences both
convergence behaviour and generalisation.

optimisers in deep learning. These optimisers rely on iterative
updates to the model parameters based on the gradient of the
loss function, where momentum helps accelerate convergence
by smoothing the updates across iterations. However, SGD-
based methods exhibit slow convergence and degrade on
sparse or noisy gradients, particularly in high-dimensional
models [10, 11]. To address these challenges, the Adam opti-
miser is presented, which adjusts the learning rate for each
parameter based on the first and second moments of the
gradient. This adaptation facilitates faster convergence and
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enhanced stability, particularly in the context of non-convex
optimisation problems [12]. Adam has become a common
default in many modern architectures, including transformer-
based models [13-15]. In particular, network models for
remote sensing image processing are also often based on Adam
during training [16-18]. However, Adam may lead to overfitting
and weaker generalisation in certain tasks [19].

To improve upon Adam, variants such as Adai [20] and Adan
[21] are presented. Adai modifies the way the learning rate is
adapted by incorporating a weight-decay regularisation term
that helps reduce overfitting, thereby improving the general-
isation of the model. Adan improves stability on sparse gradi-
ents by revising moment computations, yielding more robust
updates on imbalanced or sparse data. Despite progress, these
methods can be sensitive to hyperparameters and may not
consistently deliver generalisation gains across architectures or
datasets.

Recent studies have underscored the importance of incorpo-
rating mechanisms into optimisers that are capable of sup-
pressing gradient noise and ensuring stable error convergence,
as these properties are critical for enhancing the generalisation
ability of deep neural networks (NNs) [9, 22, 23]. Such re-
quirements align with established principles in optimisation
theory, where stability and convergence guarantees are funda-
mental for ensuring reliable algorithmic behaviour [24, 25].
Motivated by these insights, we extend conventional optimi-
sation paradigms by formulating a strategy that explicitly in-
tegrates the accumulated effect of historical gradients into the
parameter update process. In particular, whereas momentum-
based optimisers typically rely on information from only a
limited number of recent iterations, the proposed method ag-
gregates the entirety of past gradient information when reca-
librating the network weights at each step. This formulation
enables the optimisation process to attenuate the influence of
both the instantaneous gradient and the accumulated historical
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FIGURE 1 | Overview of the research roadmap of this paper.
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gradients, thereby guiding the model towards flatter minima.
Since flatter minima are closely associated with improved
robustness and generalisation, the proposed approach offers a
theoretically grounded framework for developing more stable
and generalisable optimisation algorithms.

The main content of this work is outlined in Figure 1. The left
part of Figure 1 highlights the advantages of cascaded inertia
SGD (CISGD) over existing optimisers by visualisation. The
middle part details the update pipeline of CISGD, demon-
strating how historical gradients are accumulated into multi-
order momentum terms and how the four coefficients are
learnt on-the-fly, eliminating manual tuning. The right part
summarises the experimental gains.

The main contributions of this work are presented as follows:

e We propose CISGD, an optimiser that explicitly aggregates
historical gradients to construct multi-order momentum
terms, enabling effective suppression of gradient noise and
improved convergence to flatter minima.

e We design a lightweight feed-forward NN (FNN) for
learning the hyperparameters of the optimiser, alleviating
manual tuning and enhancing robustness across architec-
tures and tasks.

e We provide theoretical analyses of CISGD and compre-
hensive experiments on image classification and remote
sensing change detection demonstrating its practical
effectiveness.

The remainder of this work is organised as follows. Section 2
reviews optimisation in deep learning. Section 3 presents the
CISGD algorithm and hyperparameter learning strategy, fol-
lowed by convergence analysis. Section 4 reports experimental
results on image classification and remote sensing change
detection. Section 5 concludes the paper.
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2 | Preliminaries

This section provides a concise review of optimisation in deep
learning.

2.1 | Optimisation in Deep Learning

In deep learning, the optimisation problem is typically defined
as finding a set of optimal model parameters that minimise a
given loss function. Specifically, given a training dataset
D= {x,», yi}, the goal is to find a parameter set 6 that minimises
the following loss function:

£0)= = D%, 6), W
S| =

where S is a subset of D; n is the total number of samples. In mini-
batch SGD, S is a random subset of D with size m; L is the loss
function; x; is the input vector, y; is the label, and @ is the weight
vector of a network. In the early stages of deep learning devel-
opment, the SGD optimiser stands as a foundational optimisation
algorithm, and its parameter update formula is as follows:

Bks1 = O —aVL(Ek), @)

where a represents the learning rate; V.L(6) is the gradient with
respect to the parameter 6. We introduce a grid of points t = t,
where t =ty + kr,k =0,.., k and k is number of steps.
Assuming that 6; comes from its continuous function and that
the points of each iteration are sampled from multiples of «, 6,
can be written as 6(t). Let t = ka, Equation (2) can be written as:

O(t + a) =6(t) —aV L)), 3)

If the learning rate o is sufficiently small, we obtain the
continuous form of SGD as follows:

8(t) = — VL(6(D)). 4)

Equation (4) can be viewed as an ordinary differential equation
(ODE). The trajectory of 6 is obtained by solving this ODE
called the gradient flow.

Similarly, the proposed CISGD extends this mechanism within
the optimiser design, achieving gradient-noise suppression and
improved generalisation by explicitly accumulating historical
gradients. Traditional adaptive optimisers such as SGDM and
Adam maintain only first-order momentum or second-order
moment estimates [26, 27]. In contrast, the proposed method
explicitly constructs multi-order integration terms to accumu-
late the full history of gradients, providing theoretical guaran-
tees for gradient noise suppression.

3 | Methodology

This section presents the CISGD optimiser and an FNN-based
strategy to learn its hyperparameters, followed by a conver-
gence analysis.

3.1 | CISGD Optimiser

Rewriting above equation and using the learning rate oy
instead of 7, we obtain a new optimiser CISGD. Starting from
the iterative relations and introducing step-size oy, we write
CISGD as

Sk = Sk-1 + &1
ty =1t + Sk (5)

w, = (a + arb)g, — ag,_, + c1oask + oty

Oks1 = 6k — Uy

where g, = VL(6y) denotes the stochastic gradient at step k;
Sk = Zfzogi accumulates first-order historical gradients, and

ty = Zfz oSi accumulates second-order historical gradients; uy
combines instantaneous and historical signals. The pseudo-code
of CISGD is given in Algorithm 1. CISGD encompasses stan-
dard SGD as a limiting case whena = land b =¢; = ¢, = 0.
The coefficients play distinct roles: a and b control the instan-
taneous and first-order inertial updates, whereas c¢; and c,
weight the first- and second-order accumulated gradients,
acting as a multi-scale filter to suppress high-frequency noise
and bias optimisation towards flatter minima. Clearly, the
CISGD has multiple hyperparameters, and determining the
optimal values for these hyperparameters is a topic worthy of
discussion.

ALGORITHM 1 | CISGD

Require: Step sizes a, iterative number k, coefficients
a, b, cy, cy.

1: Initial parameter 6.

2: Initial s = 0,¢, = 0.

Ensure: Optimal 6

3: fork = 0to k do

4 k=k +1

5 8 < VoLi(6k-1)
6: S Sk—1 + &

7: t <t + Sk

8 if k = 1 then

9 Ok < Ok—1 — augy
10: else

11: we = (a + axb)g, — age_, + ciaise + ok
12: Gk = Gk_l — Ui
13:  end if

14: end for

3.2 | Learnt Hyperparameters in CISGD

In light of the tuning complexity introduced by the four
hyperparameters in CISGD during deep learning training, we
propose an FNN to automatically learn these coefficients. To
provide a principled way of setting the four coefficients, we
borrow inspiration from a noise-suppressing neural-dynamics
framework. Specifically, denoting I" as the n-fold integral, we
consider a double integration-enhanced neural-dynamics model
(DIEND) [28-30]:
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ad(®) + bS(D) + e I'8(t) + c2I28(t) — 6(£) = 0. (6)

The objective of DIEND is to converge the error 8(t) to zero by
means of Equation (6). The negative gradient in the deep
learning process is analogous to the error in the control system.
The goal of the optimiser is to minimise the gradients of the
loss function, a process analogous to the convergence of error
to zero by DIEND. The DIEND model serves as the theoretical
foundation for our optimiser. Intuitively, we map its dynamics
to the optimisation process: the term with coefficient a re-
sponds to instantaneous gradients, b accumulates first-order
gradient history, and terms with ¢; and c, capture higher-
order integration effects. This hierarchical structure allows
the optimiser to suppress high-frequency noise while main-
taining responsiveness.

In addition, the theory of DIEND posits that the integral term
can suppress the noise o(t) so that the error function &(t) con-
verges to zero. Assuming that the rate of change of the network
parameters and the negative gradient in the optimiser corre-
spond to the noise and the error in the neural dynamics,
respectively, then the gradients are guaranteed to converge to

zero. Define g(t) = VL(6(t)). Let () = —g(b), é(t) = o(t),
rewrite Equation (6) as follows:

~ag(t) = bg(t) + .I'g(1) + e2Ig(0) + 6(0). @
rearranging Equation (6), we get the 8(¢) as follows:

8(t) = —ag(t) — bg(t) — 1 I'g(t) — c.I%g(0). ®)

CISGD update formula could be transformed as follows:

k
u=a(g, — 8_,) + tbgy + 17 Zgi
i=0
9

tvjN

k
+ Csz Z

i=0

8-

~.
Il
(=]

Consider the update formula of CISGD over a continuous time
interval 7, which can be expressed as

w, = atg(t) + tbg, + c;t'g(t) + crtl’g(h). (10)

From the discrete parameter update rule of CISGD, the discrete
parameter variation can be derived as 641 — O = —uy. Ac-
cording to the definition of the continuous update rate Equa-
tion (2), substituting the above equation into it yields

é(t) = lim,_,o"T"". This can be rearranged to obtain the contin-
uous approximation of the discrete update term:

we~—10(t) (7= 0). (11)

Note that the time constant 7 is effectively absorbed into the
learning rate o and the coefficients during discretisation,
ensuring dimensional consistency between the continuous
ODE analysis and the discrete update rule. By combining

Equations (8), (9) and (11), it can be concluded that the update
rule of CISGD is fully consistent with a DIEND system.

The relationship between deep NN architectures and dis-
cretisation of differential equations is explored by Weinan et al.
in [31, 32]. For example, for the dynamical system
z = F(t,z(1)), its discretisation, which is the Euler discretisa-
tion, corresponds to the following deep NN structure:

Z1 = 2 + hF (t, Zx)s (12)

where zi .1 is the feature of the k-th layer of the network that
corresponds to the state in the dynamical system. The Equa-
tion (12) is known as the residual connection in ResNet [33].

For Equation (8), since @ corresponds to the noise in the DIEND
system, assuming that the noise in the dynamic system is time-
varying linear noise and the rate of change of the network

weight 6 does not exceed linearity, that is, é(t) = ut, we have
ut = —ag(t) — bg(t) — c1I'g(t) — c.I°g(0). (13)

After discretising the aforementioned equation and setting aside
the term o(7?), we have

k
- bg, - lezgi

i=0

wkr = — 8k~ 8k-1
T

(14)

Let 8 = a + bt + ¢, + c;° and rearranging Equation (14),
the iterative update formula for g is derived as follows:

()

In a manner analogous to residual connectivity in ResNet, the
propagation formula employed for the design of the FNN is
hereby presented:

(16)
}] -—44—(k4-1)

The structure of the specific FNN corresponding to Equa-
tion (16) is illustrated in Figure 2, where my denotes Zfz 0% and
v denotes ZLO ;=Ozj. This FNN comprises multiple layers of

identical blocks. Each block is equipped with three inputs and
outputs, which corresponds to each iteration of Equation (16).
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FIGURE 2 | An architecture of FNN designed to learn coefficients,
where a,b,c;,c, are set as learnable parameters during network
training.

The mean square error loss function is employed. The input
data consist of a set of random numbers drawn from a standard
normal distribution with a mean of 0 and a variance of 10. The
label corresponding to this input data is designated as 0

It has been established that the input of the FNN corresponds to
the gradient in the training process of the deep learning model,
as well as the error in the DIEND system. The objective of this
FNN is to make its output, z, equal to zero. In the FNN, a, b, c1,
and c, are initialised as trainable parameters with initial values
of 1,0,0, and 0, respectively. Under this initialisation, CISGD
degenerates to standard SGD. Subsequent to the training pro-
cess, the hyperparameters that have been obtained can
demonstrate enhanced generalisability beyond the confines of
the training cases that were specific to the training process. The
objective is to ensure that the optimisation algorithm is capable
of performing robustly across a range of deep learning models
and real-world application scenarios, rather than being over
tailored to a single dataset or task. The FNN is lightweight and is
trained offline using random noise input. Training on random
noise ensures that the learnt coefficients capture intrinsic robust
optimisation dynamics based on the statistical properties of
gradient noise, rather than being biased by specific dataset
features. Since the FNN architecture is orders of magnitude
smaller than standard backbone networks and the learnt co-
efficients are frozen after the offline phase, they are transferred
to downstream tasks without re-tuning. Consequently, the
proposed method introduces effectively zero computational
overhead during the main model training.

Through the training of the designed FNN, four hyper-

parameters a,b, ¢;, and ¢, in the CISGD are obtained as
0.288, 1.476, 0.062, and 0.062, respectively.

3.3 | Convergence Analysis

This section provides a convergence analysis to validate the

Proof. Starting from Equation (15) with o(z?) and replacing k
with k — 1 in the Equation (15), we have

C1T2 k=2

8k-1= % 82— ? ;gi
a7

k=2 i
T3 Zgj —u—TZ(k— 1)+ o(7%).

i=0 J:() ﬁ

Using Equation (15) with o(7?) minus Equation (17), we have

(14 )= (1+ Do -2

(18)
T k 3
5 Z g —1+o0(7)
Jj=0
Replacing k with k — 1 in the above equation, we have
o? a a
1+— 3 81 = 1+B gk—z_ng—.%
19)
et et ,
5 Zgj—1+o(r )-
Jj=0
Using Equation (18) minus Equation (19), we have
ot + C2T3> ( ot + a)
0=(1+—F—|g—(2+— g
< ﬁ k ﬁ k—1
(20)

+ (1 + %)gk_z —% 83 +0(7%).

_ ar?+er _ ar?+a ,. _ 20 o _ a
Let p=1 + ,q =2 + 55 ,r=1 + s =5 we

have

P8 — 481 + 8, — 58,3 + 0(7}) =0. (21)

Rewriting the above equation in the form of a matrix product,
we have

q -r s
8k P P DP|| 8k
8&-11=(1 o o8| (22)
82 83
0 1 0

Let ¢, = [gl.g . & ,|". The state space equation of the
above equation can be described as

¢ = Mgy, +o(7%), (23)

where M is defined as

effectiveness of the CISGD optimiser and demonstrate that its q -r s
gradient converges exponentially to zero on a global scale. 1_) ? 1_)
1 0 ol (24)
Theorem 1. The gradient g of CISGD as the error function in
the DIEND model (6) converges globally to zero. 0 1 0
CAAI Transactions on Intelligence Technology, 2026 1023
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According to the triangle inequality theorem, we have

leilly < IM@iy L, + llo(z)]l,
= [Mg,_,I, + o(z*)
<|IM],[IMe,, |1, + o(z)
<[IM]},|| Mgy, |, + |IM][,0(*) + o(z*) @5
= M, ||Mg,_, |, + o(*)

< IMI3ll@ll, + o(7?)

< IMI3" gyl + o).

Assuming that 1 <a<2,2<b<3,2<c<3,and 0<d<1, the
absolute value of the eigenvalues of matrix M are less than 1.

Then, we have lim_||[M||¥ = 0 and
lleill, < ,}LTOIIMIIZ‘III%IIZ +0(7%) = o(7%). (26)

In light of the definitions of ¢, and g, we can conclude that the

CISGD is convergent. The proof is thus completed. |

4 | Experiments

In this section, to demonstrate the performance of the proposed
CISGD optimiser, we conduct experiments on image classifica-
tion and remote sensing change detection. The code is based on
the PyTorch framework, and all experiments are conducted on a
server equipped with 2 NVIDIA RTX 8000 GPUs and 1 RTX
3060 laptop GPU.

4.1 | Image Classification

To evaluate the generalisation of the CISGD, extensive experi-
ments were conducted on image classification tasks utilising the
CIFAR-10 and CIFAR-100 [34] benchmark datasets. The
ResNet18 [33], ResNet34, ResNet50, VGG11 [35], and Dense-
Net121 [36] network architectures are selected for training on
the CIFAR datasets from scratch. The classification perfor-
mance of CISGD is compared with those of optimisers such as
SGDM, PIDO, Adam, Adai, and Adan. The training epoch is set
to 100, and the batch size is configured to 128. To ensure a fair
comparison, learning rates were tuned for each optimiser based
on its specific characteristics and requirements. The learning
rates of CISGD, SGDM, PIDO, Adam, Adai, and Adan are
0.1,0.1,0.01,0.0001, 1, and 0.01, respectively. The mean and
standard deviation of test accuracy over five runs are reported in
Table 1. We apply standard data augmentation (random crop,
horizontal flip, normalisation) and a cosine annealing learning
rate scheduler.

As shown in Table 1, CISGD consistently improves test accuracy
over SGDM across multiple architectures, and performs on par
with adaptive baselines.

4.2 | Change Detection of Remote Sensing Images

We further evaluate CISGD on a remote sensing change
detection task. Remote sensing change detection aims to iden-
tify changes across bitemporal images acquired in the same
geographic area. Changes include the appearance or disap-
pearance of objects and background modifications. The global
very-high-resolution landslide mapping (GVLM) dataset [37] is
chosen for the experiments. The GVLM dataset includes 17
bitemporal very-high-resolution imagery pairs with a spatial

TABLE 1 | Test accuracies (mean + standard deviation) on CIFAR-10 and CIFAR-100 for different optimisers with different network models.

Model Optimiser CIFAR-10 (%) CIFAR-100 (%) Model Optimiser CIFAR-10 (%) CIFAR-100 (%)
ResNet18 SGDM 94.77 +0.13 74.95 +0.23 ResNet34 SGDM 95.27 +0.17 77.31 4034
PIDO 94.69 4 0.4 76.62 10,28 PIDO 95.24 4+ 27 77.58 40,55
Adan 93.88 1017 75.59 4 0.86 Adan 94.46 1028 7479 4111
Adai 94.40 1 .15 75.97 4070 Adai 95.28 4 0.17 75.94 4013
CISGD 94.96 + 0,20 76.66 + o 37 CISGD 9529 011 77.81 055
ResNet50 SGDM 94.79 1+ 012 77.31 4034 VGG16 SGDM 92.73 1012 69.99 1 0,34
PIDO 94.90 4 028 77.58 4 0.55 PIDO 93.154 033 70.30 4 0.63
Adan 94.55+0.11 74.79 +1.11 Adan 92.6540.32 70.03 1047
Adai 94.55 012 75.94 40,13 Adai 93.53 1016 70.11 4035
CISGD 94.96 . 015 77.81 4 055 CISGD 93.55. 012 70.51 1 .25
DenseNet121 ~ SGDM 94.94 013 76.65 + 016 WRN28_10  SGDM 94.104 012 78.33 1003
PIDO 94.12.4 .14 76.024 014 PIDO 95.17 4 0.46 78.63 4029
Adan 94.67 + .07 76.91 +0.23 Adan 92.18 +0.22 76.31 4034
Adai 94.53 1016 76.88 +0.37 Adai 93.89 4+ 0.49 78.86 +0.25
CISGD 95.05 +0.17 77.51 1934 CISGD 95.41. 932 78.64 113

Note: The first best results are highlighted in bold, respectively.
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resolution of 0.59 m acquired via Google Earth service. Each
sub-dataset contains a pair of bitemporal images and the cor-
responding ground-truth map. The dataset is split into 12
training, 2 validation, and 3 testing pairs. No geometric
augmentation is applied. The double-attention network (A2Net)
[38] and the bitemporal image transformer (BIT) model [39] are
chosen as benchmarks for evaluating generalisation.

The experiments involve training the BIT and A2Net models on
the GVLM dataset using a variety of optimisers, including
SGDM, PIDO, Adam, Adan, Adai, and CISGD. These optimisers
are evaluated under identical experimental conditions, with
hyperparameters such as learning rate and batch size tuned
based on initial trials. Performance is measured using standard
metrics, including overall accuracy (OA), precision, mean F1-
score (mF1), and change-class intersection over union (cIoU),
which together capture detection accuracy and overall classifi-
cation performance. The training epoch is set to 100 and the

batch size is 16. The initial learning rate of the optimisers is set
to be the same as that used in the image classification experi-
ments. Table 2 summarises the results of different optimisers
using the BIT and A2Net models on the GVLM test set. The
results indicate that CISGD outperforms SGDM and achieves
performance comparable to other adaptive optimisers. Figures 3
and 4 provide visual comparisons of results across optimisers on
BIT and A2Net, respectively.

5 | Conclusion

This paper has introduced CISGD, an optimisation method that
aggregates historical gradients to form multi-order momentum
terms for improved stability and generalisation. To alleviate
manual hyperparameter tuning, we have developed an
FNN-based strategy that learns the optimiser's coefficients,
enhancing robustness across models and tasks. We have

TABLE 2 | Comparisons in terms of accuracy, mF1, precision, recall, and cloU on GVLM dataset using BIT and A2Net models.

Model Optimiser OA mF1 Precision Recall cloU
BIT SGDM 0.9822 0.8346 0.8528 0.8174 0.7161
PIDO 0.9855 0.8715 0.8478 0.8967 0.7723

Adam 0.9841 0.8768 0.8974 0.8572 0.7807

Adan 0.993 0.9361 0.935 0.9372 0.8799

Adai 0.9848 0.8595 0.8748 0.8447 0.7536

CISGD 0.9868 0.8794 0.8818 0.877 0.7847

A2Net SGDM 0.9765 0.7388 0.9459 0.6061 0.5858
PIDO 0.9734 0.7006 0.9174 0.6541 0.5391

Adam 0.9776 0.8114 0.9156 0.7285 0.6827

Adan 0.9734 0.7006 0.9174 0.5666 0.5391

Adai 0.9795 0.7797 0.9497 0.6613 0.6389

CISGD 0.9813 0.8043 0.9455 0.6998 0.6727

Note: The first and second best results are highlighted in bold and underline, respectively.

(b) post change

Y

(a) pre change

A

(e) Adam change (f) Adan change

(c) SGDM prediction (d) PIDO prediction

(¢) Adai prediction (d) CISGD prediction

FIGURE 3 | Visual comparisons of the CISGD and the other optimisers using BIT model on the GVLM dataset.
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(a) pre change

(f) Adan change

(e) Adam change

(c) SGDM prediction (d) PIDO prediction

|
L 4

(d) CISGD prediction

(c) Adai prediction

FIGURE 4 | Visual comparisons of the CISGD and the other optimisers using A2Net model on the GVLM dataset.

provided a convergence analysis establishing global gradient
convergence under mild conditions. Experiments on image
classification and remote sensing change detection have shown
that CISGD consistently surpasses SGDM and performs
competitively with adaptive optimisers. These results highlight
the benefit of leveraging historical gradient information within
the optimiser design. Although our empirical validation is
currently focused on vision benchmarks and remote sensing
tasks, the conceptual contribution of integrating multi-order
inertia with automatically learnt coefficients offers a prom-
ising direction for developing more robust optimisation algo-
rithms. Future work will include deeper robustness analysis and
extensions to broader application domains.
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