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Abstract

Adaptive optimizers such as Adam and RMSProp have
gained attraction in complex neural networks, including
generative adversarial networks (GANs) and Transformers,
thanks to their stable performance and fast convergence com-
pared to non-adaptive optimizers. A frequently overlooked
limitation of adaptive optimizers is that adjusting the learn-
ing rate of each dimension individually would ignore the
knowledge of the whole loss landscape, resulting in slow
updates of parameters, invalidating the learning rate adjust-
ment strategy and eventually leading to widespread insuffi-
cient convergence of parameters. In this paper, we propose
HVAdam, a novel optimizer that associates all dimensions of
the parameters to find a new parameter update direction, lead-
ing to a refined parameter update strategy for an increased
convergence rate. We validated HVAdam in extensive ex-
periments, showing its faster convergence, higher accuracy,
and more stable performance on image classification, image
generation, and natural language processing tasks. Particu-
larly, HVAdam achieves a significant improvement on GANs
compared with other state-of-the-art methods, especially in
Wasserstein-GAN (WGAN) and its improved version with
gradient penalty (WGAN-GP).

Introduction
Optimizers play a crucial role in machine learning, effi-
ciently minimizing loss and achieving generalization. There
are two main types of state-of-the-art optimizers: Nonadap-
tive optimizers, for instance, stochastic gradient descent
(SGD) (Robbins and Monro 1951), use a global learning rate
for all parameters. In contrast, adaptive optimizers, such as
RMSProp (Graves 2013) and Adam (Kingma and Ba 2014),
use the partial derivative of each parameter to adjust their
learning rates separately. When applied correctly, adaptive
optimizers can significantly accelerate the convergence of
parameters, even in cases where partial derivatives are min-
imal. These adaptive optimizers are crucial for overcoming
saddle points or navigating regions characterized by small
partial derivatives, which can otherwise hinder the conver-
gence process (Xie et al. 2022).
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Figure 1: A typical example of the valley dilemma. (a)
(c) depict the trajectories of SGD, Adam, AdaBelief and
HVAdam in both 2D and 3D plots. (b) is a close-up of
the red box area in (a), showing the slow convergence and
zigzagging behavior of Adam, AdaBelief, and SGD. How-
ever, HVAdam demonstrates rapid convergence along the
hidden vector direction.

In deep learning, model parameters often change signifi-
cantly during training, and these changes frequently reverse
direction, especially when the model is getting close to its
optimal performance (near the minimum of the loss func-
tion). Adam dynamically adjusts the learning rate according
to the magnitude of the gradients, while SGD incorporates
momentum to smooth the gradient and does not directly
modify the learning rate. AdaBelief (Zhuang et al. 2020),
a variant of Adam, adjusts the learning rate based on the
deviation of the gradient from the moving average. How-
ever, these approaches may be problematic in complex land-
scapes, such as valley-like regions that are quite common
within the loss functions of deep learning models (Zhuang
et al. 2020). In such regions, the true direction of optimiza-
tion often has a small gradient, making it difficult for tradi-
tional optimizers to identify and efficiently optimize in these
directions. Traditional optimizers tend to oscillate along val-
ley sides, where gradients are larger, leading to slow and
inefficient convergence. We refer to this phenomenon as
the Valley Dilemma, which occurs when optimization tech-
niques fail to converge effectively due to the challenging
landscape as shown in Figure 1.
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Figure 2: Trajectories of SGD, Adam, AdaBelief and HVAdam. The functions are f1, f2, f3 and f4 from (a) to (d). The functions
are mentioned in the supplementary material’s Sec.E. HVAdam reaches the optimal point (marked as orange cross in 2D and
3D plots) the fastest in all cases.

To further demonstrate the Valley Dilemma, we illustrate
its effect on optimizers using two more common loss func-
tions (e.g., (c) and (d) in Figure 2). In valley-like regions,
traditional optimizers face several key challenges: 1. Iden-
tifying Update Direction: In valley-like regions, the true
optimal direction (along the valley floor) often has a very
small gradient, making it difficult for traditional optimizers
to detect and follow this direction, as shown in Figure 1. 2.
Changing Landscapes: As training progresses, the direc-
tion of optimization can change, as shown in Figure 2(b)(c),
especially in complex and dynamic landscapes. 3. Adjust-
ing Learning Rate: Since this stable update direction incor-
porates trend information, the learning rate needs to be ad-
justed accordingly. To help convergence in other directions,
we should design a more reasonable learning rate adjustment
strategy based on the information of the trend for them.

To address the aforementioned challenges, we propose the
hidden-vector-based adaptive gradient method (HVAdam),
an adaptive optimizer that considers the full dimensions of
the parameters. With the help of the hidden vector, HVAdam
can determine the stable update direction, which enables
faster convergence along the descending trajectory of the
loss function through an increased learning rate compared
to the traditional zigzag approach. Additionally, HVAdam
employs a restart strategy to adapt the change of the hid-
den vector, namely the changing direction of the landscapes.
Lastly, HVAdam incorporates information from all dimen-
sions to adjust the learning rate for each dimension using
a new preconditioning matrix based on the hidden vector.
Contributions of our paper can be summarized as follows:

• We propose HVAdam, which constructs a vector that ap-

proximates the invariant components within the gradi-
ents, namely the hidden vector, to more effectively guide
parameter updates as a solution to the Valley Dilemma.

• We demonstrate HVAdam’s convergence properties un-
der online convex and non-convex stochastic optimiza-
tion, emphasizing its efficacy and robustness.

• We empirically evaluate the performance of HVAdam,
demonstrating its significant improvements across image
classification, NLP, and GANs tasks.

Background and Motivation
Notations
• f(θ) ∈ R, θ ∈ Rd: f(θ) is the scalar-valued function to

minimize, θ is the parameter in Rd to be optimal.
•
∏

F,S(y) = argminx∈F ||S1/2(x − y)||: The projection
of y onto convex feasible set F .

• gt ∈ Rd: The gradient at step t.
• mt ∈ Rd: The exponential moving average (EMA) of gt.
• vt ∈ Rd: The hidden vector calculated by vt−1 and mt.
• ht ∈ R: The EMA of ∥mt∥2.
• pt ∈ Rd: pt = (gt − vt−1)

2. pt is an intermediate vari-
able.

• ηt ∈ Rd: The factor measure the size of pt.
• at, st ∈ Rd: The EMA of g2t and ηtpt.
• α1, α2, γ ∈ R: α1 is the unadjusted learning rate for mt;
α2 is the unadjusted learning rate for vt ; γ is a constant
to limit the value of ηt, which is usually set as 0. These
are hyperparameters.

• δt ∈ R: The factor used to adjust α2t.
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• ϵ ∈ R: The hyperparameter ϵ is a small number, used for
avoiding division by 0.

• lr(δt2 , δ̂t2) ∈ R×R→ R:
{

10δt2 ·6−3, if δ̂t2 ≥ 0.1
0, otherwise

.

The function can be set as other more suitable choices;
we will not change it in the rest of the paper unless oth-
erwise specified.

• β1, β2 ∈ R: The hyperparameter for EMA, 0 ≤ β1, β2 <
1, typically set as 0.9 and 0.999.

Adaptive Moment Estimation (Adam)

Algorithm 1: Adam Optimizer
Input: α1, β1 , β2, ϵ
Initialize θ0, m0 ← 0 , v0 ← 0, t ←
0

1: while θt not converged do
2: t← t+ 1
3: gt ← ∇θft(θt−1)
4: mt ← β1mt−1 + (1− β1)gt
5: at ← β2at−1 + (1− β2)g

2
t

6: Bias Correction
7: m̂t ← mt

1−βt
1

, ât ← at

1−βt
2

8: Update
9: θt ←

∏
F,

√
ât

(
θt−1 − α1m̂t√

ât+ϵ

)
10: end while

Adam integrates the merits of the adaptive gradient algo-
rithm (AdaGrad) and root mean square propagation (RM-
SProp) by adaptively adjusting the learning rates based on
estimates of the first and second moments of the gradients,
making it exceptionally suitable for large-scale and complex
machine learning problems. The algorithm is summarized in
Algorithm 1, and all operations are element-wise.

In Algorithm. 1, β1 and β2 are hyperparameters that rep-
resent the exponential decay rates of the moving averages of
the past gradients and squared gradients, respectively. The
learning rate is denoted by α, and ϵ is a small constant added
to the denominator to ensure numerical stability.

Adam adapts the learning rate for each parameter. Its
straightforward implementation has made it a popular choice
in the field of deep learning, particularly when working with
large datasets or high-dimensional spaces.

Problems and Motivation
Traditional Adam and its variants do not effectively solve
the valley dilemma. Adam adjusts the learning rate for each
parameter. In regions with small partial derivatives or saddle
points, the gradient gt,i at step t is small, leading to a small
at,i, since it is the EMA of g2t,i. As √at,i is in the denom-
inator, Adam takes a relatively large step in the θt,i direc-
tion due to this small denominator. This adjustment strategy
is effective in escaping saddle points or regions with small
partial derivatives because it enables larger updates in such
scenarios, which is critical for maintaining the momentum
of the optimizer (Xie et al. 2022). However, for the valley

dilemma case, all related gt,i can be large, so the correspond-
ing at,i will also be large. This results in small update step
sizes for all parameters, including in directions where ac-
celeration is needed for effective updating. Therefore, this
direction is “hidden” from Adam. Adam adjusts the learn-
ing rates for each parameter separately, which allows it to
perform well when dealing with problems where parame-
ter updates are primarily aligned with the coordinate axes.
However, this approach is less effective for problems that
require significant updates in non-axis-aligned directions.
This limitation highlights that Adam’s learning rate adjust-
ment strategy is most effective for problems that are “close
to axis-aligned”, as discussed in (Balles and Hennig 2018).
Most other first-order adaptive optimizers face similar chal-
lenges. Therefore, in the context of the non-axis-aligned val-
ley dilemma, the critical challenge is to identify this “hid-
den” direction, which we refer to as the hidden vector.

We provide specific examples to clarify our intuitive ex-
planations regarding the valley dilemma and hidden vec-
tor. As shown in Figure 2, panels (a) and (b) depict two
typical valley functions. The hidden vector, correspond-
ing to the gradient at the bottom of the valley, represents
the intersection line of two planes. The HVadam converges
most rapidly towards the direction of the hidden vector and
achieves the fastest convergence. Figure 2(a) illustrates a
typical coordinate-aligned valley problem, where AdaBelief
also converges quickly. However, for the non-axis-aligned
valley problem represented in Figure 2(b), Adam’s conver-
gence speed is relatively slow. We have further general-
ized the concept of the hidden vector to functions where
the hidden vector frequently changes using a restart strat-
egy. Furthermore, we have verified the convergence perfor-
mance of HVAdam in more general cases, as shown in Fig-
ure 2(c)(d), where HVAdam continues to demonstrate good
convergence. These examples provide insight into the lo-
cal behavior of optimizers in deep learning. Their behav-
ior reflects common patterns seen in deep networks, such
as ReLU activation, neuron connections, cross-entropy loss,
and smooth activations (Zhuang et al. 2020). Further details
on the analysis of these examples are available in Sec.E of
the supplementary material.

HVAdam

Step 1 2 3 4 5
gx 5 -3 5 -3 5
gy -3 5 -3 5 -3
m̂x 5 0.7895 2.3432 0.7895 1.8177
m̂y -3 -1.2105 -0.3432 1.2105 0.1823
vx 5 1 1 1 1
vy -3 1 1 1 1
v∗x 1 1 1 1 1
v∗y 1 1 1 1 1

Table 1: Consider f(x, y) = 4|x−y|+ |x+y|. Optimization
process for the example function. Our algorithm uses only
two steps to get the hidden vector v∗.

We propose HVAdam, a first-order, full-dimension op-
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timizer designed to address the non-axis-aligned valley
dilemma. It not only solves the valley dilemma but also
proves effective for general deep learning optimization.
Specifically, we obtain a hidden vector using gradient pro-
jection, which represents the stable gradient trend of the
loss function. By employing the restart strategy, we extend
this approach to situations where the hidden vector may
change over time. Finally, we enhance HVAdam’s effective-
ness through a hidden-vector-based preconditioning matrix
adjustment strategy, where the hidden vector is used to ad-
just the learning rate. The HVAdam algorithm is summa-
rized in Algorithm 2. All operations are element-wise, ex-
cept for ∥ · ∥ and ⟨·, ·⟩. The proof of the optimizer’s conver-
gence is shown in the supplementary material’s Sec.C and
Sec.D.

Algorithm 2: HVAdam Optimizer
Input: α1, β1 , β2, ϵ, γ
Initialize θ0, α1 ← α2, m0 ← 0 , s0 ← 0, v0 ← 0, t ← 0,
t2 ← −1, δ0 ← 0

1: while θt not converged do
2: t← t+ 1
3: t2 ← t2 + 1
4: gt ← ∇θft(θt−1)
5: mt ← β1mt−1 + (1− β1)gt
6: pt ← (gt − vt−1)

2

7: ηt ← pt

(gt−mt)2+γpt+ϵ

8: st ← β2st−1 + (1− β2)ηtpt + ϵ
9: Bias Correction

10: m̂t ← mt

1−βt
1

, ŝt ← st
1−βt

2

11: if t2 not 0 then
12: if vt−1 = m̂t then
13: kt = 0
14: else
15: kt ←

⟨vt2−1−m̂t,vt2−1⟩
∥vt2−1−m̂t∥2

16: end if
17: vt2 ← ktm̂t + (1− kt)vt2−1

18: δt2 ← β2δt2−1 + (1− β2)cos⟨vt2 , m̂t⟩
19: δ̂t2 ←

δt2
1−β

t2
2

20: bt ← lr(δt2 , δ̂t2)
21: if bt = 0 then
22: t2 = −1
23: end if
24: else
25: v0 ← m̂t, δ0 ← 0
26: end if
27: Update
28: θt ←

∏
F,

√
ŝt

(
θt−1 − α1m̂t√

ŝt+ϵ
− α2btvt

)
29: end while

Hidden Vector

kt :=

{ ⟨vt−1−m̂t,vt−1⟩
∥vt−1−m̂t∥2 , if vt−1 ̸= m̂t

0, otherwise
, (1)

vt := ktm̂t + (1− kt)vt−1, (2)

0 1 2 3 4 5
X

-3

-2

-1

0

1

Y

v*
m1
m2
v1

Figure 3: Consider f(x, y) = 4|x− y|+ |x+ y|. The figure
shows how we make vt approximate v∗ for the function.

To obtain the hidden vector of the loss function, we ana-
lyze the relationship between the hidden vector of the bivari-
ate function f(x, y) = 4|x− y|+ |x+ y| in its valley region
and its corresponding vectors vt and m̂t. The process is il-
lustrated in Table 1 and Figure 3. We observe that the height
of the triangle formed by the edges vt and m̂t can be used to
update vt, leading to its convergence to the hidden vector v∗.
The update process can be formulated as Eq. (1) and Eq. (2).
We extend the algorithm to higher dimensions and prove its
convergence in Sec.B of the Supplementary Material. The
update process of the hidden vector is detailed in line 12 ˜
17 of Algorithm 2.

Restart Strategy Now we can calculate vt through Eq. (1)
and Eq. (2), however, vt is a value that gradually converges
to v∗ over time. Therefore, it is necessary to measure the
current convergence rate of vt. Then, we update the parame-
ters in the direction of vt according to this convergence rate.
Considering that the moving average of mt can reflect the
region trend of the loss function, we use the cosine similar-
ity between vt and m̂t to measure the convergence rate of vt.
Although m̂t can roughly reflect the current region trend, it
is unstable and therefore cannot replace vt. To make the re-
sults more stable, we use the moving average of cosine sim-
ilarity as the index, which is the 18th line of Algorithm 2,
that is

δt2 := β2δt2−1 + (1− β2)cos⟨vt2 , m̂t⟩, (3)
Furthermore, m̂t is adaptive to any changes between dif-

ferent local trends, while vt cannot automatically adjust it-
self. Whenever the difference between m̂t and vt becomes
too large, it indicates that the trend of the region is changing,
which requires the reinitiation of the calculations vt at time
t. Considering that the initialized values of vt and m̂t do not
represent an accurate estimate of the current trend, we intro-
duce the unbiased estimate of δt2 as a criterion to determine
whether a restart is needed,

δ̂t2 :=
δt2

1− βt2
2

. (4)
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A larger δt2 means that the direction of vt is closer to the
direction of mt, and vice versa. Therefore, a larger step in
the direction of vt can be taken, while a small δt indicates
less confidence. When δt is extremely small, it implies that
the hidden vector v∗ has changed, so we will restart the cal-
culation of vt.

Finally, we obtain the step size bt by δt2 which represents
the convergence rate of vt. lr(·) should be an increasing
function capable of covering a wide range of magnitudes.
After some experiments, we empirically select Eq. (5), fol-
lowing the same process as in (Luo et al. 2019). Whether to
restart, we use δ̂t2 as the criterion. When δ̂t2 is less than the
threshold of 0.1, it indicates a significant deviation between
vt and m̂t. In such cases, we recompute vt starting from the
current step t. The value of 0.1 here is selected empirically.

bt = lr(δt2 , δ̂t2) :=

{
10δt2 ·6−3, if δ̂t2 ≥ 0.1
0, otherwise

(5)

The pseudocode for the restart strategy corresponds to lines
18 to 23 of Algorithm 2, where t2 is used to indicate whether
a restart is needed.

Hidden-vector-based preconditioning matrix adjust-
ment strategy A crucial element of adaptive optimizers is
the preconditioning matrix, which improves the information
about the gradient and controls the step size in each direction
of the gradient (Yue et al. 2023). In order to adjust the learn-
ing rate based on the stable trend information obtained from
the hidden vector vt, we measure the difference between the
gradients at the current position and the trend in the current
region,

pt := (gt − vt−1)
2. (6)

This difference indicates the magnitude of the noise in each
direction of the coordinate axis. The magnitude of noise de-
termines the step size of parameter updates in this direction;
large noise corresponds to small steps, while small noise cor-
responds to large steps. The pt only represents the absolute
magnitude of the noise. For different orders of magnitude of
gt, it is necessary to incorporate the relative magnitude of pt
on each dimension into the design of the learning rate ad-
justment strategy. Therefore, we introduce Eq. (7) to extract
the relative magnitude factor of the noise in each dimension.

ηt :=
pt

(gt −mt)2 + γpt + ϵ
(7)

We obtain the relative magnitude of the difference be-
tween gt and vt by comparing it to the difference between gt
and mt. And in order to reduce the impact of abnormal data
that make the denominator too small, we add γpt. The ϵ is
used to avoid a zero denominator.

Finally, the relative magnitude of noise ηtpt constitute the
adjustment factor of the learning rate, formalized as

st := β2st−1 + (1− β2)ηtpt + ϵ. (8)

The hidden vector-based preconditioning matrix adjustment
strategy is in the line 6˜8 of Algorithm 2. If pt is large, it
means that there is a significant difference between the pro-
jection of the gradient and vt on the parameters. In this case,

as the denominator,
√
st is the EMA of ηtpt, making α1

small which makes updating more “cautious”. If pt is small,
this means that we should accelerate the update so the small√
st makes α1 large. For the denominators of Adam and

AdaBelief, their value ranges are narrow. Adam’s
√
at is

in (0,max|g|) and AdaBelief’s is in (0,max|2gt|). And the
range of the denominator determines the adjustment range of
α1. For HVAdam, we multiply pt by ηt. We use (gt −mt)

2

to measure pt. If the latter is larger than the former, ηt is de-
creased. Otherwise, ηt is increased. The formula shows that
the value range of ηt is (0, 1

γ ), which can make the range
wider so that an optimal learning rate can be reached.

Validation on Tasks in Deep Learning
We compare HVAdam with 13 baseline optimizers in var-
ious experiments, including SGD (Sutskever et al. 2013),
Adam, AdamW (Loshchilov and Hutter 2017), Yogi (Zaheer
et al. 2018), AdaBound, RAdam (Liu et al. 2019), Fromage
(Bernstein et al. 2020), RMSProp, SWA(Izmailov et al.
2018), Lookahead(Zhang et al. 2019), AdaBelief, Adai (Xie
et al. 2022) and Lookaournd(Zhang et al. 2023), and the The
experiments include: (a) image classification in the CIFAR-
10 dataset and CIFAR-100 dataset (Krizhevsky, Hinton et al.
2009) with VGG (Simonyan and Zisserman 2014), ResNet
(He et al. 2016) and DenseNet (Huang et al. 2017); (b)
natural language processing tasks with LSTM (Ma et al.
2015) on Penn TreeBank dataset (Marcus, Santorini, and
Marcinkiewicz 1993) and Transformer on IWSLT14 dataset;
(c) WGAN (Arjovsky, Chintala, and Bottou 2017), WGAN-
GP (Gulrajani et al. 2017) and Spectral-Norm GAN (SN-
GAN) (Miyato et al. 2018) on CIFAR-10. The hyperparam-
eter settings and searching are shown in supplementary ma-
terial.

Experiments for Image Classification
CNNs on image classification The experiments are
conducted on CIFAR-10 with VGG11, ResNet34, and
DenseNet121 on CIFAR-10 using the official implemen-
tation of AdaBelief. The accuracy of other optimizers is
obtained from (Buvanesh and Panwar 2021). As Figure 4
shows, HVAdam achieves a fast convergence comparable
to other adaptive methods. When the training accuracy of
several optimizers is close to 100%, HVAdam achieves the
highest test accuracy and outperforms other optimizers. The
results show that HVAdam has both fast convergence and
high generalization performance.

We then train a ResNet50 on ImageNet (Deng et al. 2009)
and report the accuracy on the validation set in Table 2. The
experiment is conducted using the official implementation
of Lookaround. For other optimizers, we report the best re-
sult in the literature. Due to the heavy computational bur-
den, we were unable to perform an extensive hyperparam-
eter search. But our optimizer still outperforms other adap-
tive methods and achieves comparable accuracy Lookaround
(77.22 vs 77.32), which closes the generalization gap be-
tween adaptive methods and non-adaptive methods. Experi-
ments validate the fast convergence and great generalization
performance of HVAdam.
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(a) VGG11 on CIFAR-10
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(b) ResNet34 on CIFAR-10
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(c) DenseNet121 on CIFAR-10
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(e) ResNet34 on CIFAR-100
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(f) DenseNet121 on CIFAR-100

Figure 4: Test accuracies with three models using different optimizers on CIFAR-10 and CIFAR-100.

SGDM† Adam† Adai† SWA‡ Lookahead‡ Lookaround‡ HVAdam
76.49 72.87 76.80 76.78 76.52 77.32 77.22

Table 2: Top-1 accuracy of ResNet50 on ImageNet. †is reported in (Xie et al. 2022), ‡is reported in (Zhang et al. 2023).

Visual Transformer on image classification Besides val-
idating with the classical model CNNs, we also vali-
date the performance of HVAdam with Visual Trans-
former (ViT)(Dosovitskiy et al. 2021). As Table 3 shows,
HVAdam outperforms all other optimizers, which means
that HVAdam performs well on both classical and advanced
models.

Adam SWA Lookahead Lookaround HVAdam
CIFAR10 98.34 98.47 98.51 98.71 99.00

CIFAR100 91.55 91.32 91.76 92.21 92.38

Table 3: The test set accuracy under optimizers using ViT-
B/16. The results of other optimizers are taken from (Zhang
et al. 2023).

Experiments for Natural Language Processing
LSTMs on language modeling We experiment with 1-
layer, 2-layer, and 3-layer LSTM models on the Penn Tree-
Bank dataset. The results of the experiments are shown in
Figure 5. Except for HVAdam, the score data for the other
optimizers is provided by (Buvanesh and Panwar 2021). For
all LSTM models, AdaBelief achieves the lowest perplexity

or the best performance. The experiments resonate with both
the fast convergence and the excellent accuracy of HVAdam.

Experiments for Image Generation
Generative adversarial networks (GANs) on image gen-
eration Stability is also important for optimizers. And,
as mentioned in (Salimans et al. 2016), mode collapse and
numerical instability can easily impact GAN training. So,
training GANs can reflect the stability of optimizers. For
example, SGD often fails when training GANs, whereas
Adam can effectively train GANs. To assess the robust-
ness of HVAdam, we performed experiments with WGAN,
WGAN-GP, and SN-GAN using the CIFAR-10 dataset. The
results were generated using the code from the official imple-
mentation of AdaBelief and compared with the findings in
(Buvanesh and Panwar 2021), where hyperparameters were
explored more extensively. We perform 5 runs of experi-
ments, and The comparison results on WGAN, WGAN-GP,
and SN-GAN are reported in Figure 6, and Table 4 . And we
also add the great results of expriments on diffusion model
(Nichol and Dhariwal 2021) in the supplementary material.
We can see that HVAdam gets the lowest FID (Heusel et al.
2017) scores with all GANs, where the lower the FID is, the
better the quality and diversity of the generated images. Fur-
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Figure 5: The perplexity on Penn Treebank for 1,2,3-layer LSTM from left to right. Lower is better.

HVAdam AdaBelief RAdam RMSProp Adam Fromage Yogi SGD AdaBound
12.72±0.21 12.98±0.22 13.10±0.20 12.86±0.08 13.01±0.15 46.31±0.86 14.16±0.05 48.94±2.88 16.84±0.10

Table 4: FID values ([µ± σ]) of a SN-GAN with ResNet generator on CIFAR-10. A lower FID value is better.
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(a) FID scores of WGAN.
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(b) FID scores of WGAN-GP.

Figure 6: FID scores of different optimizers on WGAN and
WGAN-GP (using the vanilla CNN generator on CIFAR-
10). Lower FID indicates better performance. For every
model, the successful and failed optimizers are displayed on
the left and right sides, with different ranges of y values.

thermore, HVAdam’s FID score with WGAN is even better
than the other optimizers’ FID scores with WGAN-GP. So,
the stability of HVAdam is fully validated.

Ablation Study
We perform the ablation study to demonstrate that every step
of improvement plays important roles. We use three meth-
ods to train a 1-layer-LSTM. (a) Use Adam (HVAdam0).
(b) Use Adam which we introduce vt (HVAdam1). (c) Af-
ter introducing vt, we can change Adam’s adjustment strat-
egy of learning rate by using vt to calculate st (HVAdam2).
(d) Based on HVAdam2, we introduce the restart strategy
(HVAdam). As Table. 5 shows, all the steps can help the op-
timizer perform better.

HVAdam0 HVAdam1 HVAdam2 HVAdam
valid ppl 85.04 84.54 83.42 83.31

Table 5: The valid perplexity in ablation study.

Conclusion
We propose the HVAdam optimizer, which obtains the trend
of the loss function through a hidden vector and restart strat-
egy and utilizes the trend to update the learning rate, thereby
accelerating the model’s convergence speed. We validate
HVAdam’s advantages with four simple but representative
functions and prove its convergence in both convex and non-
convex cases. Experimental results show that HVAdam out-
performs almost all other optimizers in tasks that cover a
comprehensive category of deep learning tasks. Although
our optimizer achieves excellent results and faster conver-
gence speed in these experiments, the algorithm’s calcula-
tion process is relatively complex and incurs extra memory
overhead. We recognize that these factors may limit the al-
gorithm’s practicality in memory-constrained environments.
In future work, we plan to optimize the algorithm’s compu-
tational efficiency and reduce its memory requirements to
enhance its applicability.
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