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Supplementary Material

1. Existence and Optimality of Ring-Shaped
Pass Band

In the main text, we established a strong existence result
under monotonicity, guaranteeing a ring-shaped pass band
for βk ∈ (0, βmax). Here we present a weak existence
theorem that aligns with PFGNet’s implementation, where
β = tanh(βraw) ∈ (−1, 1).

Theorem 1 (Weak Existence of Ring-Shaped Pass Band).
Let H1, H2 : [0, π] → R denote continuous radial
frequency-response profiles. Define f(r) = H1(r) −
βH2(r) for β ∈ (−1, 1). Assume there exist 0 ≤ c < a <
b ≤ π such that

f(c) ≤ 0, f(a) > 0, f(b) ≤ 0.

Then there exist r1 and r2 with c ≤ r1 < a < r2 ≤ b such
that

f(r) > 0 for all r ∈ (r1, r2), and f(r1) = f(r2) = 0.

Thus Hβ(ω) = H1(∥ω∥) − βH2(∥ω∥) has a non-
degenerate ring-shaped pass band {ω : r1 < ∥ω∥ < r2}.

Proof. Since f is continuous with f(c) ≤ 0 and f(a) > 0,
the set S1 = {r ∈ [c, a] : f(r) ≤ 0} is non-empty and
closed. We define r1 = maxS1. Clearly, c ≤ r1 < a and
f(r1) = 0. By the definition of the maximum, f(r) > 0 for
all r ∈ (r1, a].

Similarly, the set S2 = {r ∈ [a, b] : f(r) ≤ 0} is non-
empty and closed because f(a) > 0 and f(b) ≤ 0. We
define r2 = minS2. Thus a < r2 ≤ b and f(r2) = 0. By
the definition of the minimum, f(r) > 0 for all r ∈ [a, r2).

Combining these results, we have f(r) > 0 on the con-
tinuous interval (r1, r2).

In PFGNet, we set:
• H1: frequency response of a large-kernel convolution,
• H2: frequency response of a small-kernel convolution,
• β = tanh(βraw) ∈ (−1, 1): bounded center-suppression

coefficient.
The large kernel decays slowly from DC to mid-
frequencies, while the small kernel decays rapidly. Their
difference f(r) = H1(r)− βH2(r) naturally satisfies:
• f(c) ≤ 0 for small c > 0 (small kernel dominates near

DC),
• f(a) > 0 in mid-frequencies (large kernel retains more

energy),
• f(b) ≤ 0 near b ≈ π (both decay to zero).
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Figure 1. Frequency response of the PFG block. The large-
kernel response HLk decays slowly, while the small-kernel re-
sponse HS decays rapidly. Their difference Hk = HLk − βkHS

(with βk=0.75) is positive within the green region, forming a ring-
shaped band-pass filter as stated in the main text.

Hence, the combination of large- and small-kernel convolu-
tions ensures the sign pattern required by the corrected weak
theorem, yielding a non-degenerate ring-shaped pass band
in practice. We illustrate the frequency-selective behavior
of the PFG block in Figure 1. Using a large kernel with
a slowly decaying frequency response HLk

(e.g., exponen-
tial decay with rate 0.6) and a small kernel with a rapidly
decaying response HS (e.g., Gaussian decay with variance
parameter 2.5), their difference Hk = HLk

− βkHS (with
βk = 0.75) suppresses low-frequency background near DC,
amplifies mid-frequency motion cues, and attenuates high-
frequency noise, forming a ring-shaped band-pass filter as
predicted by our theoretical analysis.

Furthermore, we have the following theorem:

Theorem 2 (Existence of an SNR-maximizing β⋆). Assume
the input signal has spectral power PS(ω) ≥ 0 and the
additive noise is white with constant power PN (ω) ≡ σ2

N >
0. Let the composite filter response be Hβ = HL − βHS ,
where HL and HS denote the frequency responses of the
large and small kernels, respectively. Define the signal-to-
noise ratio

SNR(β) =

∫
|Hβ(ω)|2PS(ω) dω∫
|Hβ(ω)|2PN (ω) dω

.

If HL and HS are linearly independent in L2([0, π]) and∫
|HS |2PS dω > 0, then SNR(β) admits at least one finite

stationary point β⋆ satisfying d
dβSNR(β) = 0.

Proof. Define the signal energy N(β) and noise energy



D(β) as quadratic forms:

N(β) :=

∫
|HL − βHS |2PS(ω) dω = A− 2βB + β2C,

D(β) :=

∫
|HL − βHS |2PN (ω) dω = σ2

N

(
Ã− 2βB̃ + β2C̃

)
,

where the coefficients are given by the respective integrals
(e.g., C =

∫
|HS |2PS dω and C̃ =

∫
|HS |2 dω).

By the linear independence of HL and HS in L2, the de-
nominator D(β) is strictly positive for all β ∈ R, ensuring
that SNR(β) = N(β)

D(β) is continuously differentiable on the
entire real line.

Consider the asymptotic behavior of SNR(β) as β →
±∞. Dividing the numerator and denominator by β2

yields:

lim
β→±∞

SNR(β) = lim
β→±∞

A/β2 − 2B/β + C

σ2
N (Ã/β2 − 2B̃/β + C̃)

=
C

σ2
N C̃

.

By assumption, C > 0 and C̃ > 0, so this limit is a finite
positive constant, which we denote as L.

We now examine the continuous function SNR(β).
There are three possible cases: 1. SNR(β) ≡ L for all
β. Then every β ∈ R is a stationary point, and the theo-
rem holds trivially. 2. There exists some β0 ∈ R such that
SNR(β0) > L. Since the function is continuous and de-
cays to L at both infinities, by the Extreme Value Theorem,
SNR(β) must attain a global maximum at some finite point
β⋆. 3. There exists some β0 ∈ R such that SNR(β0) < L.
By the same reasoning, SNR(β) attains a global minimum
at some finite point β⋆.

In cases 2 and 3, Fermat’s theorem guarantees that
at the local extremum β⋆, the derivative must vanish:
d
dβSNR(β

⋆) = 0.
Furthermore, setting the derivative to zero yields:

N ′(β)D(β)−N(β)D′(β) = 0.

Expanding this expression, the β3 terms mathematically
cancel out (CC̃β3 − C̃Cβ3 = 0), leaving a polynomial
equation of degree at most 2:

(BC̃ − CB̃)β2 + (CÃ−AC̃)β + (B̃A−BÃ) = 0.

This confirms that SNR(β) has at most two finite stationary
points, and we have proven that at least one must exist.

Lemma 1 (SNR Advantage of HL − βHS over HL). As-
sume the input signal has spectral power PS(ω) ≥ 0 and
additive white noise with power σ2

N > 0. Let HL and HS

be the frequency responses of the large and small kernels,
respectively, and assume they are linearly independent in
L2([0, π]). Define the composite filter Hβ = HL − βHS

and the SNR as

SNR(β) =

∫
|Hβ |2PS dω∫
|Hβ |2σ2

N dω
.

Assume further that HL is not already a stationary point of
the SNR in the direction of HS , meaning∫

Re(HLHS)PS dω

∫
|HL|2 dω ̸=

∫
|HL|2PS dω

∫
Re(HLHS) dω

(i.e., BÃ ̸= AB̃ in the notation below). Then, there exists
β̂ ̸= 0 such that

SNR(β̂) > SNR(0).

Proof. Define the energy integrals

N(β) = A−2βB+β2C, D(β) = σ2
N (Ã−2βB̃+β2C̃),

so that SNR(β) = N(β)/D(β) and SNR(0) = A/(σ2
N Ã).

Consider the difference numerator:

∆(β) := N(β)Ã−A
D(β)

σ2
N

= −2β(BÃ−AB̃)+β2(CÃ−AC̃).

Clearly ∆(0) = 0. By our assumption, the coefficient of
the linear term K = −2(BÃ − AB̃) is strictly non-zero.
For values of β sufficiently close to 0, the linear term Kβ
strictly dominates the quadratic term β2(CÃ−AC̃). Since
K ̸= 0, we can choose a β̂ with a sufficiently small absolute
value and the same sign as K. This guarantees that ∆(β̂) ≈
Kβ̂ > 0.

Since D(β̂) > 0 and Ã > 0, the inequality ∆(β̂) > 0
directly implies

N(β̂)Ã > A
D(β̂)

σ2
N

=⇒ N(β̂)

D(β̂)
>

A

σ2
N Ã

.

Thus, SNR(β̂) > SNR(0).

In PFGNet, we learn a per-channel β in each branch and
share it across spatial locations via backpropagation. Since
local spectral content varies across pixels, such as motion
versus static regions, pixel-wise softmax fusion enables spa-
tially varying optimal denoising, while the channel-wise β
provides learnable center suppression, outperforming any
fixed global suppression. Moreover, subtracting βHS can
be beneficial: by Lemma 1, there exists a coefficient β̂ ̸= 0
such that the filter HL−β̂HS achieves a strictly higher SNR
than the plain large-kernel filter HL.

This is empirically corroborated in Figure 2. On
Moving MNIST, learned channel-wise tanh(β) values are
symmetrically distributed around zero across all branches
(K=9, 15, 31), with significant mass at ±1, indicating that
both enhancement and suppression of peripheral responses
are utilized to model simple digit motion. On TaxiBJ, a
complex traffic dataset, tanh(β) is centered at zero with re-
duced variance for larger kernels, reflecting balanced and
mild center modulation to preserve rich mid-frequency flow
patterns. Notably, the symmetric usage of positive and
negative β on Moving MNIST and the near-zero mean on
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(d) channel-wise tanh(β) value
distribution on TaxiBJ

Figure 2. Visualization of tanh(β) on Moving MNIST and TaxiBJ
datasets. Each pair shows (a,c) the branch-wise tanh(β) distribu-
tions and (b,d) the smoothed channel-wise count curves, where the
horizontal axis denotes tanh(β) values and the vertical axis indi-
cates the number of channels.

TaxiBJ are consistent with our SNR analysis: the learned
channel-wise β adapts in sign and magnitude to local spec-
tral statistics, supporting the view that pixel-wise softmax
gating together with channel-wise suppression improves de-
noising flexibility in practice.

2. Metric Definitions
Notation Let the prediction and ground truth be Ŷ,Y ∈
RN×T×C×H×W . Dimensions: N is the batch size, T is the
temporal length, C is the number of channels, and H,W
are the spatial sizes. An element Ŷn,t,c,h,w (or Yn,t,c,h,w)
is the value at batch index n, time step t, channel c, and
spatial location (h,w). Define the per-frame spatial size
(including channels) as S = CHW . All scalar metrics are
averaged over the batch and time dimensions (N,T ).

2.1. Mean Squared Error (MSE)
Non-spatially normalized

MSE =

C∑
c=1

H∑
h=1

W∑
w=1

(
1

NT

N∑
n=1

T∑
t=1

(
Ŷn,t,c,h,w −Yn,t,c,h,w

)2)
.

Spatially normalized

MSEnorm =

1

NT

N∑
n=1

T∑
t=1

(
1

S

C∑
c=1

H∑
h=1

W∑
w=1

(
Ŷn,t,c,h,w −Yn,t,c,h,w

)2)
.

In practice, the spatially normalized MSE is used during
training and validation, while the non-spatially normalized
version is reported during testing.

2.2. Mean Absolute Error (MAE)

MAE =
C∑

c=1

H∑
h=1

W∑
w=1

(
1

NT

N∑
n=1

T∑
t=1

∣∣Ŷn,t,c,h,w −Yn,t,c,h,w

∣∣).

2.3. Peak Signal-to-Noise Ratio (PSNR)
Each pixel value a is converted to 8-bit as ã =
uint8(255 a). For each sample frame (n, t), the per-pixel
mean squared error is

MSEn,t =
1

S

C∑
c=1

H∑
h=1

W∑
w=1

( ˜̂
Yn,t,c,h,w − Ỹn,t,c,h,w

)2
.

With the dynamic range upper bound Imax = 255, the
frame-level and final PSNR are

PSNRn,t = 20 log10(Imax)− 10 log10(MSEn,t) ,

PSNR =
1

NT

N∑
n=1

T∑
t=1

PSNRn,t.

2.4. Structural Similarity (SSIM)
For each frame, skimage.metrics.structural similarity is ap-
plied in the [0, 1] floating domain and averaged over (N,T ).
The frame-level SSIM uses the standard form. With a Gaus-
sian window G,

µx = G ∗ x, µy = G ∗ y, σ2
x = G ∗ (x2)− µ2

x,

σ2
y = G ∗ (y2)− µ2

y, σxy = G ∗ (xy)− µxµy,

where x and y denote two corresponding image patches,
and µx, µy, σ

2
x, σ

2
y, σxy are their local means, variances,

and covariance computed using the Gaussian window. The
SSIM for a pair of patches is defined as

SSIMpatch(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
,

where the dynamic range upper bound is Imax = 1 and
C1 = (0.01 Imax)

2, C2 = (0.03 Imax)
2. The SSIM of an

entire frame Ŷn,t,Yn,t is obtained by averaging over all
overlapping patches:

SSIMframe

(
Ŷn,t,Yn,t

)
=

1

|P|
∑

(x,y)∈P

SSIMpatch(x, y),

where P denotes the set of all patches. The final SSIM is

SSIM =
1

NT

N∑
n=1

T∑
t=1

SSIMframe

(
Ŷn,t,Yn,t

)
.

3. Complete experimental results
In the main text, we presented representative results for clar-
ity. Here, we report complete quantitative comparisons in



Table 1. Quantitative comparison on the Moving MNIST dataset.

Method MSE ↓ SSIM ↑
Recurrent-based Methods

ConvLSTM [21] 103.3 0.707
DFN [7] 89.0 0.726

FRNN [19] 69.7 0.813
VPN [10] 64.1 0.870

PredRNN [29] 56.8 0.867
CausalLSTM [30] 46.5 0.898

MIM [32] 44.2 0.910
E3D-LSTM [31] 41.3 0.910

LMC [12] 41.5 0.924
MAU [1] 27.6 0.937

PhyDNet [4] 24.4 0.947
CrevNet [34] 22.3 0.949

SwinLSTM [25] 17.7 0.962
VMRNN [26] 16.5 0.965

Recurrent-free Methods

SimVP [3] 23.8 0.948
MMVP [36] 22.2 0.952

TAU [22] 19.8 0.957
PFGNet(Ours) 15.2 0.967

Table 2. Quantitative comparison on the TaxiBJ dataset.

Method Params FLOPs MSE ↓ MAE ↓ SSIM ↑

Recurrent-based Methods

ConvLSTM [21] 15.0M 20.7G 0.3358 15.32 0.9836
PredNet [18] 12.5M 0.9G 0.3516 15.91 0.9828

PredRNN [29] 23.7M 42.4G 0.3194 15.31 0.9838
PredRNN++ [30] 38.4M 63.0G 0.3348 15.37 0.9834
E3D-LSTM [31] 51.0M 98.2G 0.3421 14.98 0.9842

PhyDNet [4] 3.1M 5.6G 0.3622 15.53 0.9828
MIM [32] 37.9M 64.1G 0.3110 14.96 0.9847
MAU [1] 4.4M 6.4G 0.3062 15.26 0.9840

PredRNNv2 [33] 23.7M 42.6G 0.3834 15.55 0.9826
SwinLSTM [25] 2.9M 1.3G 0.3026 15.00 0.9843

VMRNN [26] 2.6M 0.9G 0.2887 14.69 0.9858

Recurrent-free Methods

SimVP [3] 13.8M 3.6G 0.3282 15.45 0.9835
TAU [22] 9.6M 2.5G 0.3108 14.93 0.9848

SimVPv2 [24] 10.0M 2.6G 0.3246 15.03 0.9844
Met2Net [15] 16.8M 8.8G 0.3164 14.82 0.9851
PFGNet(Ours) 1.9M 0.6G 0.2881 14.75 0.9857

Tables 1, 2, 3, and 4, covering all baseline methods from
prior literature. Models that exhibit substantially lower per-
formance than PFGNet were omitted from the main text for

Table 3. Quantitative comparison on the KTH dataset.

Method
KTH (10 → 20) KTH (10 → 40)

SSIM ↑ PSNR ↑ SSIM ↑ PSNR ↑

Recurrent-based Methods

ConvLSTM [21] 0.712 23.58 0.639 22.85
SAVP [11] 0.746 25.38 0.701 23.97
FRNN [19] 0.771 26.12 0.678 23.77

DFN [7] 0.794 27.26 0.652 23.01
PredRNN [29] 0.839 27.55 0.703 24.16

VarNet [8] 0.843 28.48 0.739 25.37
SAVP-VAE [11] 0.852 27.77 0.811 26.18
PredRNN++ [30] 0.865 28.47 0.741 25.21
E3D-LSTM [31] 0.879 29.31 0.810 27.24
STMFANet [9] 0.893 29.85 0.851 27.56

SwinLSTM [25] 0.903 34.34 0.879 33.15
VMRNN [26] 0.907 34.06 0.882 32.69

Recurrent-free Methods

SimVP [3] 0.905 33.72 0.886 32.93
MMVP [36] 0.906 27.54 0.888 26.35

PFGNet(Ours) 0.911 34.10 0.891 32.64

Table 4. Quantitative comparison on the Human3.6M dataset.

Method Params FLOPs MSE ↓ MAE ↓ SSIM ↑

Recurrent-based Methods

ConvLSTM [21] 15.5M 347.0G 125.5 1566.7 0.9813
E3D-LSTM [31] 60.9M 542.0G 143.3 1442.5 0.9803

PredNet [18] 12.5M 13.7G 261.9 1625.3 0.9786
PhyDNet [4] 4.2M 19.1G 125.7 1614.7 0.9804

MAU [1] 20.2M 105.0G 127.3 1577.0 0.9812
MIM [32] 47.6M 1051.0G 112.1 1467.1 0.9829

PredRNN [29] 24.6M 704.0G 113.2 1458.3 0.9831
PredRNN++ [30] 39.3M 1033.0G 110.0 1452.2 0.9832
PredRNNv2 [33] 24.6M 708.0G 114.9 1484.7 0.9827

Recurrent-free Methods

SimVP [3] 41.2M 197.0G 115.8 1511.5 0.9822
SimVPv2 [24] 11.3M 74.6G 108.4 1441.0 0.9834

TAU [22] 37.6M 182.0G 113.3 1390.7 0.9839
ViT [2] 28.3M 239.0G 136.3 1603.5 0.9796

Swin Transformer [16] 38.8M 188.0G 133.2 1599.7 0.9799
Uniformer [13] 27.7M 211.0G 116.3 1497.7 0.9824

MLP-Mixer [27] 47.0M 164.0G 125.7 1511.9 0.9819
ConvMixer [28] 3.1M 39.4G 115.8 1527.4 0.9822
Poolformer [35] 31.2M 156.0G 118.4 1484.1 0.9827
ConvNeXt [17] 31.4M 157.0G 113.4 1469.7 0.9828

VAN [5] 37.5M 182.0G 111.4 1454.5 0.9831
HorNet [20] 28.1M 143.0G 118.1 1481.1 0.9824

MogaNet [14] 8.6M 63.6G 109.1 1446.4 0.9834
PFGNet(Ours) 7.3M 58.3G 111.3 1392.4 0.9838

readability but are included here for completeness.
Furthermore, we extend our evaluation to the Moving



Table 5. Quantitative comparison on the Moving FMNIST dataset.

Method Params FLOPs MSE ↓ MAE ↓ SSIM ↑

Recurrent-based Methods

ConvLSTM-S [21] 15.0M 56.8G 28.87 113.20 0.8793
ConvLSTM-L [21] 33.8M 127.0G 25.51 104.85 0.8928

PredNet [18] 12.5M 8.6G 185.94 318.30 0.6713
PhyDNet [4] 3.1M 15.3G 34.75 125.66 0.8567

PredRNN [29] 23.8M 116.0G 22.01 91.74 0.9091
PredRNN++ [30] 38.6M 171.7G 21.71 91.97 0.9097

MIM [32] 38.0M 179.2G 23.09 96.37 0.9043
MAU [1] 4.5M 17.8G 26.56 104.39 0.8722

E3D-LSTM [31] 51.0M 298.9G 35.35 110.09 0.8722
PredRNNv2 [33] 23.9M 116.6G 24.13 97.46 0.9004

DMVFN [6] 3.5M 0.2G 118.32 220.02 0.7572

Recurrent-free Methods

SimVP [3] 58.0M 19.4G 30.77 113.94 0.8740
SimVPv2 [24] 46.8M 16.5G 25.86 101.22 0.8933

TAU [22] 44.7M 16.0G 24.24 96.72 0.8995
ViT [2] 46.1M 16.9G 31.05 115.59 0.8712

Swin Transformer [16] 46.1M 16.4G 28.66 108.93 0.8815
Uniformer [13] 44.8M 16.5G 29.56 111.72 0.8779

MLP-Mixer [27] 38.2M 14.7G 28.83 109.51 0.8803
ConvMixer [28] 3.9M 5.5G 31.21 115.74 0.8709
Poolformer [35] 37.1M 14.1G 30.02 103.39 0.8750
ConvNeXt [17] 37.3M 14.1G 26.41 102.56 0.8908

VAN [5] 44.5M 16.0G 31.39 116.28 0.8823
HorNet [20] 45.7M 16.3G 29.19 110.17 0.8798

MogaNet [14] 46.8M 16.5G 25.14 99.69 0.8963
PFGNet(Ours) 41.3M 15.2G 23.55 94.78 0.9024

Fashion-MNIST (MFMNIST) dataset, with baseline results
obtained from OpenSTL [23] under identical experimental
settings. Figure 3 presents qualitative results of PFGNet.
As shown in Table 5, PFGNet achieves the highest accu-
racy among all recurrent-free models (MSE: 23.55, SSIM:
0.9024) while maintaining moderate complexity (41.3M pa-
rameters, 15.2G FLOPs). Notably, compared to recurrent-
based PredRNN (116.0G FLOPs) and PredRNN++ (171.7G
FLOPs), PFGNet delivers significantly lower computa-
tional cost with comparable predictive performance, high-
lighting its efficiency in spatiotemporal forecasting.

Input

Ground Truth

PFGNet

Figure 3. Qualitative results of PFGNet on Moving FMNIST.

4. Additional Ablation Studies
As shown in Figure 4, we further analyze the effect of differ-
ent n settings in the asymmetric convolution (n×k+k×n)
on the TaxiBJ dataset. The results show that varying n
brings only minor changes in performance; setting n=1
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Figure 4. Ablation on asymmetric convolution (n× k + k × n).

Table 6. Ablation on the number of PFG blocks Nt on Moving
MNIST and TaxiBJ.

Dataset Nt Params FLOPs MSE ↓ MAE ↓ SSIM ↑

Moving MNIST
(100 epochs)

2 11.0M 7.4G 34.70 93.93 0.9201
4 21.1M 10.0G 29.74 83.38 0.9326
6 31.2M 12.6G 28.33 80.14 0.9363
8 41.3M 15.2G 27.61 78.54 0.9381
10 51.3M 17.7G 27.21 77.57 0.9391

TaxiBJ

2 0.53M 0.21G 0.3669 15.88 0.9826
4 0.97M 0.33G 0.3216 15.21 0.9842
6 1.41M 0.44G 0.3130 14.99 0.9851
8 1.86M 0.55G 0.2881 14.75 0.9857
10 2.30M 0.67G 0.2919 14.78 0.9853

Table 7. Ablation on the number of PFG blocks Nt on KTH
(10→20).

Dataset Nt Params FLOPs SSIM ↑ PSNR ↑

KTH 10 → 20

2 10.8M 57.1G 0.908 33.88
4 20.8M 98.5G 0.910 34.01
6 30.9M 0.14T 0.911 34.10
8 41.0M 0.18T 0.909 34.10
10 51.1M 0.22T 0.912 34.24

achieves nearly the same accuracy while reducing compu-
tational complexity. Therefore, we adopt n=1 as a compact
and efficient default configuration in our experiments.

In all main experiments, we set the number of PFG
blocks Nt to follow the same configuration as SimVP and
its variants in OpenSTL to ensure a fair comparison; Ta-
bles 6 and 7 further investigate how varying Nt from 2 to
10 affects model complexity and accuracy. As expected,
Params and FLOPs grow linearly with Nt, since stacking
more PFG blocks only introduces additional, structurally
identical modules. On Moving MNIST, a larger Nt consis-
tently leads to lower MSE/MAE and higher SSIM, indicat-
ing that this dataset benefits from deeper temporal model-
ing and does not show overfitting within the tested range.
On TaxiBJ, performance also improves as Nt increases,
but the best results are obtained at Nt=8, while Nt=10
brings slightly worse scores, suggesting a mild overfitting



tendency and diminishing returns when the model becomes
too deep. On KTH (10→20), increasing Nt from 2 to 10
generally leads to higher SSIM and PSNR, though the im-
provements become marginal once Nt ≥ 6 and even show
slight fluctuations, and the final training loss remains clearly
below the validation loss, indicating that the motion struc-
ture is already well captured and extra depth mainly refines
local details rather than improving generalization. In prac-
tice, choosing Nt=4 or Nt=6 recovers most of the gains
while keeping the model compact, which aligns with the
settings commonly used in OpenSTL. Overall, these results
confirm that the OpenSTL default choice is well justified
and provides a well-balanced trade-off between computa-
tional efficiency and predictive performance, and we there-
fore adopt this setting in our main experiments.
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Figure 5. Qualitative visualizations on TaxiBJ.

Figure 5 presents qualitative results on TaxiBJ. We com-
pare PFGNet error maps (|Ŷ − Y |) against three abla-
tions: uniform fusion (α-mean), disabled center suppres-
sion (β = 0), and static kernel (k = 15). All maps share a
unified scale. The ablations exhibit visibly larger and more
diffuse errors (see highlights) compared to the sparse resid-
uals of PFGNet. This qualitative evidence corroborates
the quantitative results in Sec. 4.3, confirming that both
adaptive gating and learnable center modulation are critical
for refining structural details.

Layer-wise dissection on Human3.6M. As shown in
Figure 6, we select the information-dense Human3.6M
benchmark and dissect one learned PFG module, reproduc-
ing the operator behavior from the spatial to the spectral
domain.

Spatial antagonistic structure (Left). The median ef-
fective kernel (K = 31 branch) exhibits a sign contrast
between center and surround with an approximately ring-
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Figure 6. Mechanistic visualization of the learned PFGNet.

shaped tendency. This pattern is not manually imposed;
it emerges from separable large-k peripheral aggregation
and the learnable center–surround suppression term. The
resulting shape is analogous to the classic Difference-of-
Gaussians receptive-field model of retinal ganglion cells.

Adaptive spectral re-weighting (Middle). We plot the
radial log-power ratio for the K = 31 branch against
β = 0 baseline (∆ logP (r) = logPfull−logPβ=0). Energy
is weakened in the low-frequency region, while strength-
ened in the mid-to-high frequency region to enhance mo-
tion boundaries and structural changes. The curve flattens
at the highest-frequency end, indicating that high-frequency
noise is not over-amplified. With the statistics in the figure,
tanh(β) has near-zero mean and large standard deviation
across channels, suggesting that the so-called suppression
acts as channel-dependent bidirectional regulation: some
channels suppress the center response, while others effec-
tively compensate it. This flexibility aligns with antagonis-
tic processing in biological vision.

Spatially adaptive kernel selection (Right). We over-
lay the argmax map of the learned gating weights α, up-
sampled to the input resolution, on an input frame, visu-
alizing the dominant kernel scale at each spatial location.
The model prefers larger kernels around dynamic regions
and motion boundaries, while assigning smaller kernels to
smooth and static background, supporting input-adaptive
receptive-field selection.
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