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1. Relate Works

1.1. Test-Time Adaptation

Test-time adaptation (TTA) has recently emerged as an effec-
tive strategy to improve model robustness under distribution
shifts, where the test data differ from the training distribution.
Unlike traditional domain adaptation methods that require ac-
cess to target domain samples during training, TTA focuses
on adapting the model online at inference time, using only
the unlabeled test data. Early works such as TENT [29] and
its variants [23, 24] proposed optimizing batch normalization
statistics or entropy-based objectives to adjust the model pa-
rameters dynamically. Subsequent research extended these
ideas by introducing self-supervised auxiliary tasks [35],
consistency regularization [32], and memory-based mecha-
nisms [3, 13] to stabilize adaptation and prevent catastrophic
forgetting. Other approaches leverage lightweight parame-
ter updates, such as feature normalization, affine parameter
refinement, or the use of adapters, to balance efficiency and
performance [25]. Recently, several studies have explored
test-time adaptation in more challenging settings, including
continual domain shifts [30], streaming data [10], and large-
scale vision-language models [16, 37], further broadening its
applicability. Overall, TTA provides a promising direction
for building models that can autonomously adapt to unseen
environments without retraining.

1.2. Test-Time Energy Adaptation

Recently, incorporating energy function into TTA has
emerged as a promising trend for improving model robust-
ness under distribution shifts [33, 36]. Unlike traditional
approaches that rely on entropy minimization or normal-
ization statistic updates, energy-based methods define an
explicit energy function to measure the compatibility be-
tween inputs and outputs. This formulation provides a more
expressive and theoretically grounded objective, allowing
the model to capture uncertainty and adapt its predictions be-
yond the limitations of entropy-based confidence measures.
Typically, energy-based TTA methods perform adaptation
by minimizing the energy associated with each test sample.
During inference, the model iteratively refines its predictions
through stochastic sampling (often using Monte Carlo or
Langevin dynamics) to explore low-energy regions in the
prediction space. This process encourages the model to con-
verge toward more consistent and confident outputs while
maintaining stability under unseen domains. However, de-
spite their effectiveness, these sampling-based energy adapta-

tion methods are computationally demanding. The iterative
optimization over each test instance requires multiple for-
ward and backward passes, leading to significant inference
latency. Consequently, while energy-based TTA provides a
principled and powerful framework for handling distribution
shifts, its high computational cost poses a major challenge
for real-time or large-scale deployment scenarios.

1.3. Control System-Inspired AI Methods

Control theory has recently emerged as an important source
of inspiration for developing more stable, robust, and in-
terpretable AI systems [4, 21, 28]. Classical control prin-
ciples, such as feedback regulation, stability analysis, and
Lyapunov-based optimization, have been increasingly inte-
grated into modern learning frameworks to address the insta-
bility and unpredictability of purely data-driven models. For
example, control-inspired reinforcement learning methods
incorporate feedback control structures or model predictive
control to enhance policy stability and safety under dynamic
and uncertain environments [2, 26]. In supervised and unsu-
pervised learning, control-theoretic ideas have been used to
design optimization algorithms with guaranteed convergence
or robustness properties, such as Lyapunov-stable training
dynamics and adaptive gain tuning [8]. Moreover, differen-
tiable control architectures and neural ordinary differential
equations extend the connection between continuous-time
control systems and deep networks, offering new perspec-
tives on dynamic representation learning [9]. Overall, these
control-inspired AI methods bridge theoretical rigor from
control systems with the flexibility of data-driven learning,
enabling more reliable and physically grounded intelligent
systems.

2. Algorithm Protocol

Algorithms 1 and 2 present the pseudocode of our proposed
APT framework. Algorithm 1 outlines the initialization
phase, where the energy of training samples from the pre-
trained model fθ is transformed into a wave representation.
Subsequently, Algorithm 2 details the core TTA process.
This process adapts the pre-trained model to the target do-
main by minimizing the probability of high-energy states,
rather than minimizing the energy values directly. Crucially,
the two algorithms differ in the target of automatic differen-
tiation: Algorithm 1 requires gradient computation for the
energy, whereas Algorithm 2 requires gradient computation
for the raw test input samples.



Algorithm 1 Energy waveify before test time

1: Input: Training distribution input xs (Batch size B), pre-trained model fθ ,
potential V0, threshold a, boundary {x̃l, x̃r}, hyperparameters {α, δ}

2: Output: Initial wave mapping Ψθ̂ with parameters θ̂
3: Initialization Phase
4: X← fθ(xs); X.requires_grad(True)
5: Ψ← Ψθ̂(X) ▷ Energy waveify
6: Wave Equation Residual ▷ Eq.(6)
7: Ψ(1) ← AutoGrad(Ψ,X), Ψ(2) ← AutoGrad(Ψ(1),X)
8: ML ← I[X < a], MR ← I[X ≥ a] ▷ Left/right region mask
9: RL ← −Ψ(2) − Ψ, RR ← −Ψ(2) + V0Ψ−Ψ

10: Ldef ← 1
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11: Continuity Condition ▷ Eq.(7)
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17: Lgrad ← 1
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18: Boundary Conditions ▷ Eq.(8)
19: X∂ ← [1B/2 ⊗ x̃l; 1B/2 ⊗ x̃r]

20: Ψ∂ ← Ψθ̂(X∂)

21: Lbound ← 1
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22: Total Loss & Optimization
23: Lwave ← Ldef + α · (Lvalue + Lgrad + Lbound) ▷ Eq.(9)
24: gθ̂ ← AutoGrad(Lwave, θ̂)

25: θ̂ ← Optimizer.Step(θ̂, gθ̂)

26: return θ̂

Algorithm 2 Redistribute energy at test time

1: Input: Test batch xt (size B′), pre-trained model fθ , potential V0 and MLP Ψθ̂ ,
threshold a, boundaries {x̃l, x̃r}, hyperparams {α, β, δ}

2: Output: Adapted model parameters θ
3: Initialization
4: X← fθ(xt); xt.requires_grad(True) ▷ Different with Alg. 1
5: Ψ← Ψθ̂(X) ▷ Energy waveify
6: s←

∑
(Ψ2) ▷ Energy probability

7: Penalize High-Energy ▷ Eq. (12)
8: MInD ← I[X < a]
9: sOOD ← s[¬MInD]

10: Lpenalize ←
{

Mean(sOOD) if sOOD ̸= ∅
0 otherwise

11: Wave Equation Residual ▷ Eq. (6)
12: Ψ(1) ← AutoGrad(Ψ,X), Ψ(2) ← AutoGrad(Ψ(1),X)
13: MR ← I[X ≥ a]

14: RL ← −Ψ(2) −Ψ, RR ← −Ψ(2) + V0Ψ−Ψ

15: Ldef ← 1
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16: Continuity Condition ▷ Eq. (7)
17: X
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22: Lgrad ← 1
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R |2 ▷ Gradient continuity

23: Boundary Condition ▷ Eq. (8)
24: X∂ ← [1B′/2 ⊗ x̃l; 1B′/2 ⊗ x̃r]

25: Ψ∂ ← Ψθ̂(X∂)

26: Lbound ← 1
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∑B′
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[
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]
27: Total Loss & Optimization ▷ Eq. (13)
28: Ltotal ← Lpenalize + β (Ldef + α(Lvalue + Lgrad + Lbound))
29: gθ ← AutoGrad(Ltotal, θ)
30: θ ← Optimizer.Step(θ, gθ)

31: return θ

3. Formal Proof of Theorem 1
Before proving Theorem 1, we first present two auxiliary
results that will be used in the derivation.

Lemma 1 (Gaussian Integral Formula) For complex a
with Re(a) > 0 and any complex b,∫ ∞

−∞
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√
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.

Brief Proof. Completing the square yields
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(
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+
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.

Shifting the integration variable t = x− b
2a gives∫ ∞
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∫ ∞
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dt.

The last integral equals
√
π/a by analytic continuation of

the real case.
Intuition: Lemma 1 provides a closed-form evaluation for a
shifted Gaussian integral, which will be used to express each
infinitesimal kernel in an exponential form.

Lemma 2 (Trotter Product Formula) Let Â and B̂ be in-
finitesimal generators of strongly continuous contraction
semigroups etÂ and etB̂ on a Hilbert space H. Assume that
the closure of Â+ B̂ is also a generator. Then, for all t ≥ 0
and x ∈ H,

lim
n→∞

(
e

t
n Âe

t
n B̂
)n

x = et(Â+B̂)x,

in the strong operator topology.

Brief Proof. Define F (t) = etÂetB̂ . Since F (t) is a family
of contractions strongly continuous in t, and for all x ∈
D(Â) ∩D(B̂),

lim
t→0

F (t)x− x

t
= (Â+ B̂)x,

Chernoff’s theorem [5] implies

lim
n→∞

F

(
t

n

)n

x = et(Â+B̂)x.

By density and uniform boundedness, this extends to all
x ∈ H.
Intuition: Lemma 2 ensures that the sequential composition
of two infinitesimal evolutions e

t
n Â and e

t
n B̂ approximates

the combined evolution et(Â+B̂) in the limit n→ ∞.



Proof of Theorem 1. Let K(x̂, t; x̂0, t0) be an integral
kernel on a suitable function space such that

ψ(x̂, t) =

∫
K(x̂, t; x̂0, t0)ψ(x̂0, t0) dx̂0.

(1) Discretization of the evolution: Partition the interval
[t0, t] into N subintervals of length ϵ = (t − t0)/N . By
iterative composition,

K(x̂, t; x̂0, t0) =∫ N−1∏
k=1

dx̂kK(x̂, t; x̂N−1, tN−1) · · ·K(x̂1, t1; x̂0, t0).

(2) Local approximation of each infinitesimal kernel: For
sufficiently small ϵ, by Lemma 1 one obtains

K(x̂k+1, t+ϵ; x̂k, t)=
1√
2πiϵ

exp

(
i

[
(x̂k+1−x̂k)

2

2ϵ
−V (x̂k)ϵ

])
.

Define the discrete functional

Sk =

[
1

2

(
x̂k+1 − x̂k

ϵ

)2
− V (x̂k)

]
ϵ,

so that K(x̂k+1, t+ ϵ; x̂k, t) ∝ eiSk .

(3) Composition over all subintervals: By Lemma 2, mul-
tiplying these kernels and taking the limit gives

K(x̂, t; x̂0, t0) = lim
N→∞

∫ N−1∏
k=1

dx̂k exp

(
i

N−1∑
k=0

Sk

)
.

(4) Continuous limit: As N → ∞, the discrete sum con-
verges to an integral over continuous trajectories:

K(x̂, t; x̂0, t0) =

∫
D[x̂(t)] eiS[x̂(t)],

where

S[x̂(t)] =

∫ t

t0

[
1

2
˙̂x 2 − V (x̂)

]
dt.

Substitution into the evolution of ψ, therefore,

ψ(x̂, t) =

∫
P[x̂(t)]ψ(x̂0, t0) e

iS[x̂(t)] dx̂0,

where P[x̂(t)] denotes the induced measure over all admis-
sible trajectories from x̂0 to x̂. The integral representation
above coincides with the expression in Eq.(4), thus proving
Theorem 1.

4. Formal Proof of Theorem 2
Before presenting the proof of Theorem 2, we introduce two
auxiliary lemmas that will be used repeatedly.

Lemma 3 (Divergence Theorem) Let F be a continuously
differentiable vector field defined on a compact region V
with piecewise smooth boundary S = ∂V and outward unit
normal n̂. Then the following equality holds:∮

S

F · dS =

∫
V

(∇ · F) dV, (♦)

where dS = n̂ dS is the oriented surface element.

Brief Proof. For a small rectangular box V with edges
{∆x,∆y,∆z, · · · }, the flux through opposite faces in
each direction gives contributions {∂xFx ∆V , ∂yFy ∆V ,
∂zFz ∆V, · · · }, whose sum equals (∇ · F)∆V . Summing
over all boxes in a partition of V and taking the limit as the
maximum box size tends to zero yields the Eq.(♦). This is
the standard proof of the divergence theorem.
Intuition. If a vector field represents a flow (such as prob-
ability current), then the net outflow across the boundary
measures the cumulative rate of sources or sinks inside the
region. In the context of probability conservation, this the-
orem ensures that any local change in probability density
is exactly balanced by the net probability flux through the
boundary, thus connecting the continuity equation to the
global conservation law.

Lemma 4 (Vector Identity) For any twice continuously dif-
ferentiable vector field F, the following vector identity holds:

∇× (∇× F) = ∇(∇ · F)−∇2F, (♥)

where ∇× denotes the curl, ∇· the divergence, and ∇2 the
vector Laplacian acting componentwise.

Brief Proof. In index notation using the Levi-Civita symbol
ϵijk and Einstein summation convention, the i-th component
of the left-hand side is

[∇× (∇× F)]i = ϵijk∂j(ϵklm∂lFm).

Using the identity ϵijkϵklm = δilδjm − δimδjl, we obtain

[∇×(∇×F)]i = ∂i(∂jFj)−∂j∂jFi = ∂i(∇·F)−(∇2Fi).

Since this holds for each i = 1, 2, 3, the vector form Eq.(♥)
follows.
Intuition. The operation ∇× (∇× F) measures how the
curl of a field itself varies spatially, while the right-hand
side decomposes this variation into two intuitive parts: the
gradient of the field’s divergence, representing local expan-
sion or compression, and the negative Laplacian of the field,



representing diffusion or spatial smoothing of its compo-
nents. This identity underlies many conservation and wave
equations.

Proof of Theorem 2. Assume that ψ(x̂, t) ∈ C2(R3 ×
[0,∞)) and that both ψ and ∇ψ vanish sufficiently fast at
spatial infinity so that all surface integrals below converge.
Let the potential V (x̂) ∈ R be real-valued.

Taking the complex conjugate of Eq.(3) yields

−i ∂ψ
∗

∂t
= −∇2ψ∗ + V (x̂)ψ∗.

Multiplying the original equation by ψ∗ and its conjugate
by ψ, then subtracting the two eliminates the real potential
term:

i

(
ψ∗
∂ψ

∂t
+ ψ

∂ψ∗

∂t

)
= −

(
ψ∗∇2ψ − ψ∇2ψ∗

)
. (♠)

Define the probability density ρ := |ψ|2 = ψ∗ψ and the
probability current density

j :=
1

i
(ψ∗∇ψ − ψ∇ψ∗) .

Using the vector identity in Lemma 4, the right-hand side of
Eq. (♠) can be written as a divergence:

ψ∗∇2ψ − ψ∇2ψ∗ = ∇ · (ψ∗∇ψ − ψ∇ψ∗).

Substituting this into Eq. (♠) gives the continuity equation:

∂ρ

∂t
+∇ · j = 0. (♣)

Eq.(♣) expresses local conservation of probability: any local
decrease in ρ is balanced by outward flow of j.

Boundary and continuity conditions. At a potential dis-
continuity x̂ = a, the continuity of ψ and its derivative,

ψleft(a, t) = ψright(a, t),
∂ψleft

∂x̂

∣∣∣
a
=
∂ψright

∂x̂

∣∣∣
a
,

ensures that the probability current is continuous across the
interface:

jleft(a, t) = jright(a, t).

Thus, no probability sources or sinks arise at a. For
bound states, the boundary condition limx̂→boundary ψ =
limx̂→boundary ∇ψ = 0 implies

lim
x̂→boundary

j = 0.

Global conservation. Integrating Eq.(♣) over all space and
applying the divergence theorem (Lemma 3) gives

d

dt

∫
R3

ρ d3r = −
∫
R3

∇ · j d3r = −
∮
∂R3

j · dS.

Because j → 0 at the spatial boundary, the surface integral
vanishes, leading to

d

dt

∫
R3

|ψ|2 d3r = 0.

Hence, the total probability is conserved:∫
R3

|ψ(x̂, t)|2 d3r = 1,
d

dt

∫
R3

|ψ(x̂, t)|2 d3r = 0.

Therefore, the probability current conservation law stated in
Theorem 2 holds.

5. Backbones and Baselines.
For image corruption, we employ WideResNet-28-10 [34]
with BatchNorm [14] and ResNet-50 [11] with Group-
Norm [31], consistent with TENT [29] and SAR [24].
For domain generalization, we use ResNet-18 following
TEA [33]. We evaluate APT alongside the unadapted
source model and eleven SoTA TTA methods spanning
three categories: normalization-based (BN [27], DUA [22]),
pseudo-labeling-based (PL [18], SHOT [20]), entropy-based
(TENT [29], ETA [23], EATA [23], SAR [24], CRKD [15],
DISTA [1]), and energy-based (TEA [33]). Notably, CRKD
and DISTA leverage training data, with CRKD employing a
proxy and DISTA directly accessing it during testing, which
poses privacy risks.

6. Implementation Details.
Model weight consistency is maintained using pre-trained
WideResNet-28-10 (BatchNorm) weights from Robust-
Bench [6] on CIFAR-10. When unavailable, models are
trained following the protocol in [34]. The MLP comprises
four layers, with hidden layer dimension is 128 for CIFAR-
10 and CIFAR-100 and 256 for TinyImageNet-200-C and
PACS. The MLP is trained for 1000 epochs. Hyperparam-
eters α and β are assigned 0.01 and 1.0, respectively. We
normalize each loss term by dividing it by its detached value
to balance their contributions in the total loss. Standard
settings mirror those of TENT [29] and TEA [33], while
the remaining APT-specific values (omitted from the main
text) are detailed in Table.4. The batch size follows the TEA
configuration. All our experiments are performed with 3×
NVIDIA Tesla P100 and 4× NVIDIA GeForce RTX 3090 Ti
GPUs.

7. Detailed of Datasets
We conducted experiments on two tasks across four
datasets. As shown in Table.5 and Table.6. The im-
age corruption task utilized clean CIFAR-10, CIFAR-
100 [17], and TinyImageNet-200 [7] datasets, alongside their
corrupted counterparts, CIFAR-10-C, CIFAR-100-C, and
TinyImageNet-200-C [12]. The domain generalization task
employed the PACS dataset [19].



Table 4. Summary of Hyperparameters.

WRN-28-10 ResNet-50 ResNet-18

CIFAR-10(C) CIFAR-100(C) TinyImageNet-200(C) CIFAR-10(C) CIFAR-100(C) TinyImageNet-200(C) PACS

Left Boundary -20 -30 -25 -20 -30 -30 -25
Right Boundary 0 0 25 0 0 10 25
LR 0.001 0.002 0.00001 0.00002 0.0001 0.0001 0.001
#Hidden Dim. 128 128 256 128 128 256 128
Batch Size 200 200 1000 200 200 1000 full

Table 5. Clean and corruption datasets overview.

Dataset #Train #Test #Corr. #Severity #Class.

CIFAR-10 50,000 10,000 1 1 10
CIFAR-100 50,000 10,000 1 1 100
Tiny-ImageNet 100,000 10,000 1 1 200
CIFAR-10-C - 950,000 15 5 10
CIFAR-100-C - 950,000 15 5 100
Tiny-ImageNet-C - 750,000 15 5 200

Table 6. PACS datasets overview.

Domain #Sample #Class Size

Photo 1,670 7 3x227x227
Art 2,048 7 3x227x227
Cartoon 2,344 7 3x227x227
Sketch 3,929 7 3x227x227

7.1. Clean Datasets
CIFAR-10, CIFAR-100, and TinyImageNet-200, are used
for pre-trained model training. CIFAR-10 contains 60, 000
color images (3×32×32 pixels) across 10 classes, with
6,000 images per class (5, 000 training, 1, 000 test). CIFAR-
100 includes 60, 000 color images (3×32×32 pixels) across
100 classes, with 600 images per class (500 training, 100
test). TinyImageNet-200 comprises 110, 000 color images
(3×64×64 pixels) across 200 classes, with 500 training and
50 test images per class.

7.2. Corrupted Datasets
Their corrupted counterparts, CIFAR-10-C, CIFAR-100-C,
and TinyImageNet-200-C, are designed to assess model
robustness against image corruptions. CIFAR-10-C and
CIFAR-100-C each contain 10, 000 test images (3×32×32
pixels) from their respective clean datasets (1, 000 per
class for CIFAR-10-C, 100 per class for CIFAR-100-C),
while TinyImageNet-200-C includes 10, 000 test images
(3×64×64 pixels) across 200 classes (50 per class). Each
dataset applies 19 corruption types (e.g., noise, blur, weather
effects) at five severity levels, producing 95 corrupted vari-
ants per image. The corruptions encompass 15 primary types:
Gaussian noise, shot noise, impulse noise, defocus blur, glass
blur, motion blur, zoom blur, snow, frost, fog, brightness,
contrast, elastic transformation, pixelation, and JPEG com-

pression. These corruptions simulate diverse distributional
shifts, such as environmental variations and imaging artifacts,
that models may face in real-world applications, thereby test-
ing their generalization and robustness under challenging
conditions.

7.3. PACS Dataset

The PACS dataset, designed for domain generalization, com-
prises 9, 991 images across four distinct domains: Photo, Art
Painting, Cartoon, and Sketch. It includes seven object cate-
gories (dog, elephant, giraffe, guitar, horse, house, person)
with varying image counts per category and domain. Each
image is of size 3×227×227 pixels, suitable for evaluating
model performance across diverse visual styles and abstrac-
tions. The dataset challenges models to generalize across
domains with significant stylistic differences, mimicking
real-world scenarios where data distributions vary.

8. Additional Experiments

8.1. The Expansion Results for Left-Right Ratio
Analysis

This section extends the left-right ratio analysis presented
in Experiments section of the main text by examining the
relationship between the increase in the left-right ratio and
the enhancement in generalizability across 15 distinct types
of corruption. Detailed results are provided in Figure 9 and
Figure 10, which analyze each corruption type across five
severity levels. Specifically, for each corruption type, we
investigate the correlation between the magnitude of the left-
right ratio increase and the performance metrics, evaluated
both pre- and post-adaptation, across increasing severity
levels.

Across all corruption types, we observe that performance
increases almost linearly with the left–right ratio, thereby
establishing a strong coupling between the model’s general-
ization capability and the energy distribution metric. This
observation validates the main-text assertion that test data
exhibiting lower energy are inherently easier for the clas-
sifier. Conversely, for specific corruption types at minimal
severity, such as the Defocus corruption at level 1 (Figure
9), our method yields only a marginal improvement in the



Table 7. Results of hyperparameter sensitivity analysis.

Parameter Group Hyperparameter Corr Severity 5 Corr Severity 1–5

Acc(↑) mCE(↓) Acc(↑) mCE(↓)

Boundary
Params

x̃l = −25.0 86.12 33.50 90.30 45.00
x̃l = −20.0 86.93 31.82 91.12 43.48
x̃l = −15.0 82.20 45.80 87.05 53.50

x̃r = −5.0 83.55 43.50 87.80 52.00
x̃r = 0.0 86.93 31.82 91.12 43.48
x̃r = 5.0 86.36 32.50 90.70 44.50

Hidden
Dimension

Hdim = 64 86.40 32.40 90.75 44.40
Hdim = 128 86.93 31.82 91.12 43.48
Hdim = 256 87.02 31.70 91.25 43.30

Loss
Weights

α = 0.001 80.63 50.32 85.90 59.32
α = 0.01 86.93 31.82 91.12 43.48
α = 0.1 86.70 33.03 90.58 45.02

β = 0.01 84.89 40.07 88.85 48.54
β = 0.1 86.93 31.82 91.12 43.48
β = 1.0 86.44 35.02 89.87 46.56

Infinitesimal
Increment

δ = 0.0001 86.93 31.82 91.12 43.48
δ = 0.01 84.11 42.01 88.35 50.57

left-right ratio. We hypothesize that this limited enhance-
ment stems from the close proximity of these distributions
to the source domain, causing the uniform hyperparameters
employed during our adaptation to be suboptimal for such
minor shifts.

8.2. Detailed Results for Image Corruption
This section complements the main adaptation results in
Table 1 of the main text by providing per-corruption per-
formance under the highest severity level, as detailed in
Table.8. Experiments on CIFAR-10-C, CIFAR-100-C, and
TinyImageNet-200-C show that APT outperforms baselines
on most corruption types. We observe that our advantage nar-
rows on less severe corruption types, such as Elastic Trans-
formation, Pixelation, and JPEG Compression. This could
stem from the close similarity between training and test dis-
tributions, enabling methods like DISTA [1] and CRKD [15]
to approximate the correct distribution via direct or indirect
access to training data, or allowing pseudo-labeling tech-
niques, such as SHOT [20], to produce accurate labels.

8.3. Hyperparameter Sensitivity Analysis
As reported in Table.7, we perform a comprehensive sensitiv-
ity analysis on the key hyperparameters of our model. First,
regarding the boundary parameters, we observe a distinct
asymmetric sensitivity: moderately relaxing the boundary
range (i.e., decreasing x̃l or increasing x̃r) has a negligible
impact on performance. Conversely, tightening the bound-
aries (i.e., increasing x̃l or decreasing x̃r) leads to significant
performance degradation. We attribute this to the fact that

overly narrow boundaries impede the effective process of
energy waveify. Consequently, this leads to the failure of
Eq.(11), indicating that the prerequisite for probability cur-
rent conservation is not met, which ultimately invalidates the
theoretical guarantees of Theorem 2.

Second, regarding model capacity, the hidden dimension
exhibits a clear trend of diminishing marginal returns. While
increasing the dimension from 64 to 128 yields considerable
gains, a further increase to 256 does not result in substantial
performance improvements. This suggests that selecting an
appropriate dimension is crucial for balancing performance
with computational overhead.

Finally, concerning the loss weights and infinitesimal in-
crement, results indicate that α and β play critical roles. A
reduction in α causes a sharp deterioration in performance,
suggesting that these constraints (i.e., continuity and bound-
ary conditions) are essential for stable adaptation. Similarly,
the sensitivity analysis of β reveals that merely suppressing
high-energy states is insufficient; substantial weight (i.e., a
larger β) must be assigned to the probability current conser-
vation constraint to ensure model performance. Furthermore,
δ serves as a minute increment at the energy threshold a for
enforcing continuity constraints. Our experiments show that
an excessively large δ (e.g., 0.01) causes the local continuity
assumption to fail, thereby impairing model effectiveness.
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Figure 9. The correlation between the APT ratio increase and accuracy gains on CIFAR-10-C across various distribution types and shift
severities. In each sub-plot, corruption severity is placed on the y-axis, the APT ratio increase on the lower x-axis, and accuracy on the upper
x-axis. Within the accuracy scale, the solid red bar marks APT, whereas the translucent bar indicates the baseline.
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Figure 10. The correlation between the APT ratio increase and accuracy gains on CIFAR-100-C across various distribution types and shift
severities. In each sub-plot, corruption severity is placed on the y-axis, the APT ratio increase on the lower x-axis, and accuracy on the upper
x-axis. Within the accuracy scale, the solid red bar marks APT, whereas the translucent bar indicates the baseline.
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