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1. Comparison of Temporal Models

To evaluate the effectiveness of the Liquid Time-Constant
(LTC) network in our ACuRE framework for non-contact
SpO2 estimation, we conducted an ablation study com-
paring LTC against several alternative temporal modeling
approaches: Neural Ordinary Differential Equations (N-
ODE) [4], Continuous-Time Recurrent Neural Networks
(CTRNN) [8], Long Short-Term Memory (LSTM) [12],
Gated Recurrent Unit (GRU) [6], vanilla Recurrent Neu-
ral Network (RNN) [18], and Temporal Convolutional Net-
work (TCN) [2]. These models were integrated into the
ACuRE pipeline in place of the LTC module, keeping the
two-branch 3D-ResNet-18 for AC/DC signal separation and
the physics-informed PDE loss unchanged. Performance
was evaluated on three datasets: PURE [19], BH-rPPG [24],
and VIPL-HR [14], using Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and Pearson correlation
coefficient (7) as metrics.

Table 1 presents the results. Across all datasets, ACuRE
with LTC consistently outperforms alternative temporal
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models, achieving the lowest MAE and RMSE and the high-
est correlation. For instance, on the PURE dataset, LTC
achieves an MAE of 0.28 £ 0.17, compared to 0.50 £ 0.22
for LSTM and 3.01 £ 1.36 for TCN. The VIPL-HR dataset,
which is more challenging due to variations in illumination
and motion, shows a similar trend, with LTC achieving an
MAE of 0.72 + 0.20, significantly better than TCN’s 5.19
=+ 1.85. N-ODE and CTRNN perform competitively but fall
short of LTC, particularly on VIPL-HR, where CTRNN’s
MAE is 1.49 4 0.66. GRU and RNN, while outperforming
TCN, exhibit higher errors than LSTM (e.g., GRU: 0.52 £
0.23 on PURE; RNN: 1.10 % 0.32 on VIPL-HR), likely due
to their simpler architectures struggling with the continuous
dynamics of physiological signals.

The superior performance of LTC can be attributed to
its ability to model continuous-time dynamics, which aligns
well with the temporal continuity of photoplethysmography
signals, as noted in prior work [9]. In contrast, discrete-
time models like LSTM and GRU struggle with long-term
dependencies, while TCN’s convolutional approach is less
suited for capturing the smooth, periodic nature of rPPG
signals. These results validate the choice of LTC in ACuRE
and highlight its robustness across diverse datasets.

2. Cross-Dataset Evaluation

This table shows cross-dataset evaluation between PURE
(30 fps), VIPL-HR (25 fps), and BH-rPPG (15 fps), where
we train on one dataset and test on a different one. The
main observation is that transfers involving BH-rPPG are
the hardest: at 15 fps the pulse signal is sampled less often,
making it more prone to distortion/aliasing, and BH-rPPG
also has stronger lighting and motion changes. Transfers
with VIPL-HR are milder, and models trained on VIPL-HR
often generalize better to PURE because VIPL-HR covers a
wider range of subjects, devices, and motion. ACuRE han-
dles these shifts better by (i) separating steady color/light-



Table 1. Performance comparison of temporal models in
the ACuRE framework across PURE, BH-rPPG, and VIPL-HR
datasets. Metrics are reported as mean = standard deviation. Best
results are in bold.

Model MAE RMSE r
PURE Dataset
ACuRE (LTC) 0.28£0.17 0.50 +£0.16 0.95 &+ 0.03
N-ODE 033 +0.14 0.58+0.12 0.93 £0.03
CTRNN 036 £0.11 0.60+0.10 0.92 +0.08
LSTM 0.504+0.22 0.70+0.20 0.85+0.05
GRU 0.524+023 0.724+0.21 0.84 +0.06
RNN 0.60 =025 0.80+0.23 0.80 + 0.07
TCN 301 +£136 1.70+£0.35 0.294+0.35
BH-rPPG Dataset
ACuRE (LTC) 0.39 +0.18 0.61 +0.13 0.92 + 0.04
N-ODE 0.424+0.12 0.63+0.15 091 £0.02
CTRNN 046 +0.16 0.68+0.16 0.90 £ 0.02
LSTM 0.60+025 0.824+0.22 0.80=+0.06
GRU 0.62+026 0.844+0.23 0.79 +0.06
RNN 0.70 028 0.92+0.25 0.75+0.07
TCN 2934+064 1.70+0.18 0.49 £ 0.04
VIPL-HR Dataset

ACuRE (LTC) 0.72+0.20 0.84 +0.12 0.87 0.04
N-ODE 0.79 +£0.38 0.80+0.21 0.86+0.03
CTRNN 1.494+066 1.19+0.27 0.72+0.18
LST™M 090 4+028 1.05+0.25 0.78 £0.07
GRU 093+029 1.084+0.26 0.77+0.08
RNN 1.10£ 032 1.204+0.28 0.70 = 0.09
TCN 5194+ 185 2254+037 040+0.16

ing (DC) from pulsatile changes (AC) so illumination differ-
ences do not contaminate the signal, (ii) using a continuous-
time temporal module that is less tied to a single frame
rate, and (iii) adding a simple physics-based continuity reg-
ularizer that keeps the predicted signal smooth and consis-
tent. Together, these choices make ACuRE less sensitive to
frame-rate and appearance differences across datasets, ex-
plaining the consistent gains in Table 2.

3. Backbone Ablation Study

To further assess the adaptability of the proposed ACuRE
framework, we evaluated it with different backbone archi-
tectures for non-contact SpO5 estimation. Specifically, we
considered ResNet3D18 (the backbone used in the main
system), PhysNet [23], ResNet2D18 [11], a 2D Vision
Transformer (ViT2D) [7], and a 3D Vision Transformer
(ViT3D) [3]. These architectures span convolutional and
transformer-based paradigms in both 2D and 3D settings,
enabling a broad comparison of modeling choices.

Experiments were conducted on the PURE, VIPL-HR,
and BH-rPPG datasets, with performance evaluated using
Mean Absolute Error (MAE), Root Mean Square Error
(RMSE), and Pearson correlation coefficient (r). Results
are summarized in Table 3.

The findings highlight the flexibility of ACuRE’s de-
sign: it maintains strong performance across diverse back-
bones due to its physics-informed pipeline, which includes
the PDE loss and the Liquid Time-Constant (LTC) module.
These components provide temporal and physiological con-
sistency, complementing a wide range of feature extractors.
While alternative backbones (e.g., PhysNet or ViT-based
models) achieve competitive results in relatively controlled
datasets such as PURE or BH-rPPG, ResNet3D18 consis-
tently delivers the most robust performance, particularly on
VIPL-HR. We attribute this to the larger scale and greater
variability of VIPL-HR, which includes diverse motion, il-
lumination, and device conditions, where 3D convolutional
features better capture spatio-temporal variations.

3.1. Justification for Selecting ResNet3D18

We selected ResNet3D18 as the primary backbone in the
main paper due to its superior robustness and performance
across diverse datasets, particularly in challenging real-
world conditions. As shown in Table 3, ResNet3D18
achieves the lowest MAE (0.72), RMSE (0.84), and high-
est correlation (0.87) in the VIPL-HR dataset, outperform-
ing alternatives by a significant margin (e.g., 30% lower
MAE than ViT3D and over 50% lower than PhysNet and
ViT2D). This dataset’s challenging conditions, including
noise, illumination variations, and motion artifacts, high-
light ResNet3D18’s ability to generalize effectively for
rPPG applications [16]. In contrast, while PhysNet excels
in controlled settings like PURE (MAE: 0.21), it struggles
in VIPL-HR (MAE: 1.42), indicating limited robustness.
Similarly, ViT2D and ViT3D perform well in PURE and
BH-rPPG (e.g., ViT2D’s MAE of 0.30 and r of 0.93 in BH-
rPPG) but exhibit higher errors and variance in VIPL-HR,
suggesting sensitivity to noise.

The 3D convolutional architecture of ResNet3D18 ef-
fectively captures spatial-temporal dynamics essential for
AC/DC signal separation in rPPG tasks [21], significantly
outperforming its 2D counterpart (ResNet2D18) across all
metrics and datasets (e.g., 60% lower MAE in VIPL-
HR). This justifies the use of 3D modeling over 2D vari-
ants, aligning with prior work on spatiotemporal networks
for physiological signal estimation [16]. Furthermore,
ResNet3D18’s consistent high correlation (r > 0.87 across
datasets) ensures reliable SpO5 predictions, making it the
optimal choice for the ACuRE framework. The strong per-
formance of PhysNet, ViT2D, and ViT3D in PURE and
BH-rPPG underscores the ACuRE framework’s flexibil-
ity, as its physics-informed design and LTC module en-



Table 2. Cross-dataset SpO» generalization (no target-domain fine-tuning). Train on one dataset, test on another. 1: higher is better;
J: lower is better. Datasets have different frame rates: PURE (30 fps), VIPL-HR (25 fps), BH-rPPG (15 fps). Pairs involving BH-rPPG are
more challenging due to the 15 fps temporal mismatch.

Train Test Method MAE] T
3D-CNN+LSTM 254+09 0.50 +0.05
BH-rPPG (15fps) Akamatsuetal.[1] 2.45+£0.30 0.55+£0.05
PURE (30 fps) ACuRE (ours) 2.28 +0.27 0.60 + 0.06
VIPL-HR (25fps) ACuRE (ours) 2.224+047 0.57+0.02
3D-CNN+LSTM 229+ 0.34 0.50+0.06
PURE (30 fps) Akamatsuetal.[1] 2.05+0.28 0.57 +0.03
BH-rPPG (15 fps) ACuRE (ours) 1.86 £ 0.24  0.60 £ 0.02
VIPL-HR (25fps) ACuRE (ours) 2.54+0.24 0.50+0.02
PURE (30 fps) 3D-CNN+LSTM 1.11 £0.17 0.75 £ 0.09
VIPL-HR (25fps) PURE (30 fps) ACuRE (ours) 0.83+0.11 0.85+0.10
BH-rPPG (15fps) ACuRE (ours) 1.58 £0.21 0.50+0.03

Table 3. Backbone ablation study results for SpO2 estimation in the ACuRE framework. Metrics are reported as mean = standard deviation.
Bold values indicate the best performance per metric and dataset.

B | PURE | VIPL-HR | BH-rPPG
ackbone
| MAE RMSE r |  MAE RMSE r |  MAE RMSE r

ResNet3D18 (Ours) | 028 £0.17  0.50 £0.16 0.95+£0.03 | 0.72+0.20 0.84 £ 0.12 0.87 +£0.04 | 039£0.18 0.61+£0.13 0.92 £ 0.04
PhysNet [23] 0214+0.11 044+£0.11 088009 | 1.42£054 1.174+021 0.74+£0.08 | 044+0.19 0.65£0.15 0.90 £ 0.04
ResNet2D18[11] | 045+£0.09 0.67+0.07 069025 | 2.83+1.53 1.63£043 048+0.18 | 1.81£0.84 1.31+032 0.56+£022
ViT2D [7] 0224013 046+£0.12 086+0.12 | 142+£0.84 1.15+0.31 0.65+£027 | 0.30£0.10 0.54£0.09 0.93 £ 0.02
ViT3D [3] 0.214+0.08 045+£008 088008 | 1.03£035 099+020 0.77£0.16 | 0.37+0.16 059£0.12 0.91 & 0.02

hance performance across diverse architectures. However,
ResNet3D18’s superior generalization in noisy, real-world-
like conditions (VIPL-HR) makes it the preferred choice for
robust SpO, estimation, supporting its adoption in the main

paper.
4. Complexity and Efficiency

What we have measure. For each temporal module (LTC,
RNN, GRU, LSTM, CTRNN, Neural ODE, TCN) plugged
into the same AC/DC twin 3D-ResNet-18 backbone, we re-
port: (i) parameter counts with a component breakdown
(Backbone / Head / Temporal / Loss), (ii) forward FLOP-
s/clip (fvcore), (iii) test-time inference latency (ms/batch),
and (iv) training time with and without the PDE continuity
loss (LPDE).! A full per-component summary is provided
in Table 4.

How we have computed Complexity and Efficiency.
FLOPs are obtained with fvcore on a float32 copy of the
model and a single-clip input (to avoid AMP/dtype issues).
Timings use a unified PyTorch script with automatic mixed
precision (autocast+GradScaler) and synchronized
measurements over warm-up & repeated trials. All variants

'FLOPs are forward-only; training overhead of LPDE is captured via
wall-clock timing. fvcore may not symbolically count some pointwise
ops; this has negligible effect because 3D convolutions dominate.

share the same input: batch B =2, T'= 300 frames, 32x 32
pixels. The exact numbers reported in Table 4 come from
this setup.

Why intra-backbone comparisons. Absolute wall-
clock across different papers is not directly comparable due
to differing backbones, input sizes, training loops, and hard-
ware. To be fair and reproducible, we keep the backbone,
input resolution, and code path fixed, and vary only the
temporal block. This isolates the incremental cost/benefit
of each temporal design under identical conditions, making
the deltas in Table 4 directly interpretable. We also report
implementation-agnostic metrics (FLOPs/params) that are
stable across hardware.

PDE loss details. LPDE regularizes the AC stream
Vac = [p,u,v] € R¥*TXHXW yia the discrete continu-
ity residual R = 0yp + 0, (pu) + 0y (pv) implemented with
finite differences. LPDE adds zero parameters, is evaluated
only during training, and consists of simple elementwise
ops (O(BTHW)). Consequently, its overhead is small in
practice, as quantified in Table 4.

Why is LTC relatively slower? Although LTC adds
very few FLOPs (0.018 G) and parameters (0.27 M), its up-
date is unrolled for L steps with per-step dynamic time-
constant computation and several elementwise operations
(tanh/sigmoid/mul/div). In PyTorch these appear as many



Params (M) FLOPs (G/clip) Training time (ms/batch)
Temporal | il Back Head Temp| Back Head Temp Total | lerMSP) | 5 e 4IPDE A (%)
LTC 6691 66.33 0.31 0.27 |125.04 0.0003 0.0181 125.06 44.1 1654 167.0 +1.57(0.9)
RNN 67.00 66.33 0.31 0.36 | 125.04 0.0003 0.0002 125.05 17.0 69.7 699 +0.21(0.3)
GRU 67.36 66.33 0.31 0.72 | 125.04 0.0003 0.0002 125.05 17.5 704  70.8 +0.38 (0.5)
LSTM 67.54 66.33 0.31 0.90 |125.04 0.0003 0.0002 125.05 17.5 70.5  71.1  +0.56(0.8)
CTRNN | 6691 66.33 0.31 0.27 | 125.04 0.0003 0.0181 125.06 27.3 120.2  121.3  +1.07 (0.9)
NODE 66.89 66.33 0.31 0.25 | 125.04 0.0003 0.0631 125.11 106.3 3245 3257 +1.29(0.4)
TCN 69.88 66.33 0.31 3.24 |125.04 0.0003 0.3920 125.44 17.6 713 721  +0.82 (1.1)

Table 4. Complexity of ACuRE under a fixed backbone and input. Backbone compute dominates (~125 GFLOPs/clip); temporal heads
add negligible FLOPs. LPDE adds no parameters and incurs only 0.3-1.1% training overhead; inference is unaffected by LPDE.

small pointwise kernels, which reduces GPU fusion/tensor-
core utilization. In contrast, RNN/GRU/LSTM use highly
optimized cuDNN fused kernels, and TCN parallelizes time
with 1D convolutions. This explains the modestly higher
LTC latency despite comparable FLOPs.

Takeaways. (i) The AC/DC 3D-ResNet-18 backbone
accounts for >99% of forward FLOPs, so ACuRE’s tem-
poral choice or the PDE term does not materially affect
inference cost (Table 4). (ii) LPDE is training-only and
adds <1.1% overhead in our controlled setting (Table 4).
(iii) LTC trades a slightly higher latency (due to unrolled
continuous-time updates with dynamic 7 and pointwise ops)
for a compact parameter/FLOP footprint (0.27 M /0.018 G),
while RNN/GRU/LSTM/TCN benefit from cuDNN/conv
parallelism and thus run ~17-18 ms/batch at test time for
B=2,T=300, 32x32 (Table 4).

External complexity reports. We summarize com-
pute/latency figures that prior SpOs papers explicitly report
(when available). These numbers are not strictly compara-
ble across works because input sizes, backbones, pre/post-
processing, and hardware differ; hence we also provide our
own controlled measurements in Sec. S3.

5. Theoretical Results

This appendix presents theorems and proofs supporting
the Liquid Time-Constant (LTC) dynamics and continuity-
regularized loss (Lppg) in ACuRE, as detailed in Section III.
These results align with the LTC framework in [10] and our
implementation (e.g., 7 € [0.1, 1.0], At = 0.01), extending
beyond SpO; estimation to general video-based physiolog-
ical signal modeling. Each theorem includes notation defi-
nitions and significance to connect strongly with ACuRE’s
contributions.

5.1. Stability of LTC Dynamics
Theorem 1. For the LTC update

fa(t),1(t),0)A

z(t+At) = x(t)+At1 + AL (L +’f(x(t)71(t)v 0))

; (D)

where x(t) € R is the neuron state, T € [Tiin, Tmax] With
0 < Tmin < Tmax < 00 is the time constant, A € R is
the synaptic weight, f(x,1,0) = W tanh(yI + p) is the
activation function with | f| < M = |W | (weights W, input
scaling ~y, bias p), and At > 0 is the time step, if At <
{i]\nf the update is locally stable around the equilibrium

z* = 0 when A = 0.

Proof. Consider the continuous-time ODE governing
ACuRE’s LTC layer:

dx 1

dt T
where ¢t € R is time, and I(¢) € R is the input signal
(e.g., preprocessed video features from Section I'V). To find
equilibria, set:

1
0:—{+f(x*,],9)} '+ f(z*, 1,0)A.  (3)
T
If A = 0 (no synaptic feedback, as in initial states):
1 * *
—[T—i-f(x,f,a)]x =0. 4)

Since X + f(z*,1,0) > 0 (with 7y, = 0.1, f > —M,
and M < 10), x* = 0 is an equilibrium. Linearize around
¥ =0: p 1 )
x

e 0,1,0 . 5
R Uk )

The Jacobian is:

J=- %+f(0,],0) . 6)




Table 5. Reported complexity/latency from prior video SpO2 works (as available) and ACuRE. Numbers are copied from the original
papers; hardware, window length, and batch definitions differ, so these are not directly comparable. NR = not reported.

Method Backbone Params (M) FLOPs (G) Reported inference Notes

MMFM [13] RCA (CNN) 1.77 3.05 0.5 s /50 frames Table & latency note
CCM [13] RCA (CNN) 1.08 2.05 0.5 s /50 frames Same setup

NBM [13] RCA (CNN) 0.70 1.00 0.5 s/ 50 frames Same setup

CL-SPO2Net [17] 3D-CNN+CNN+BiLSTM - - 0.5 Hz (RTX 3080) Fig. 7 caption
STMap+CNN [5]  EfficientNet-B3 9.2 1.0 - Backbone-only complexity
STMap+CNN [5]  ResNet-50 26 4.1 - Backbone-only complexity
STMap+CNN [5] DenseNet-121 8.0 5.7 - Backbone-only complexity

CCSpO2Net [20]  (foundation model) -

- NR Paper emphasizes accuracy

ACuRE (ours) twin 3D-ResNet-18 + LTC 66.9

1251 44.1 ms/batch B=2, 300 f, 32x32, RTX 8000

Bound J: since % > n:ax = 1 (per Section III.A) and
f(07]79) € [7M?M]’

J<—1+M. 7)

For M < 1 (e.g., M = 0.5 in practice), J < 0, ensuring
stability of the ODE.

For the discrete update (Section III.A, implemented in
LTC.fused_step):

f(z,1,0)A
1+ At (L2 + f(z,1,0))’

glx) =x + At (8)

evaluate at z* = 0, A = 0:
9(0) =0, 9)
and compute the derivative:
AL 1+ At (L + )] — fAALYL
[L+at(L+ )]

Since f(x,I,0) = W tanh(yI + p) is independent of x
(per LTC.activation), % = 0, simplifying to:

. (10)

g (z) =1+At

1
g (0)=1-At (7_+f(07f79)) . an
Stability requires |¢'(0)| < 1:
1<1-At <1 + f(oyf,a)) <1 (12)
T

M =

Consider the lower bound: + + f(0,1,6) > -
10 — M. Then:

1—AH10— M) > -1 = At(10— M) <2, (13)

2
At < 000 (14)

The upper bound holds trivially (< 1). For M = 0.5, At <

2~ 1t Tmin — _0.1 —
55 ~ 0.211. The condition At < T = 505 = 0.066

(Section II.A) is stricter and satisfied by At = 0.01, ensur-
ing stability.

Significance: This stability ensures that LTC dynam-
ics in ACuRE (Section III.A) remain bounded under video
input perturbations (e.g., motion artifacts), critical for ro-
bust SpO- estimation, aligning with the bounded dynamics
in [10]. O

5.2. Expressivity of LTC Dynamics

Theorem 2. The LTC system approximates any continu-
ously differentiable function h(t) € C*([0,T],R) on a com-
pact interval [0, T] to an error € > 0, given sufficient neu-
ron units D € N and adjustable parameters T € [0.1,1.0],
W,v,u € R, and A € R.

Proof. The LTC ODE per LTC. forward) is given by:
d 1
dt T
where z(t) € R is the state, I(t) € R is the input, § =
(W, ~, 1) parameterizes f(z, I,0) = W tanh(yI + u1), and
A € R is the synaptic weight. The goal is to approximate a
target function x(t) = h(t), satisfying:
dh 1
dtz—[+f(h,I,0)]h+f(h,I,0)A. (16)
-

Solve for the control term:

f(h,I,G)A:%+ {l—i-f(h,l,@)] h. a7
dt T
Define:
u) =Tty oA, as)
t T

where u(t) is continuous since h € C([0,7],R). Adjust
the input I(¢) = I*(¢) such that:
u(

pn 10,0~ 0. 19)



Since f(x,I,0) = W tanh(yI+p) acts as a neural network
over I (per LTC.activation), the universal approxima-
tion theorem [10] (Theorem 3) ensures that f can approx-
imate % to within €¢/2 as D — oo by tuning W, ~, p.
Consider the error dynamics:

dh
dt’
(20)

%(x—h) =— [71_+f(x,1,9)} z+ f(x,1,0)A—

Substitute % from Equation (2):

d

Se-m=-[t+sero]w-n

+ [f(x,1,0) — f(h,1,0)] (h—A). (21)

With initial condition 2:(0) = h(0), the solution is:

t
2(t) — h(t) = / o= [ (3 + 7)1 ().0)u
0

[f((s), I"(5),0) = f(h(s),I"(s),0)]
(h(s) — A)ds. (22)

Since L + f > 0(as 7 > 0.1 and |f| < |[W] < 1), the

exponential term e~ JE(F+1)du < e~ (=IWD({E=5) decays.
Assume f is Lipschitz continuous in x with constant Ly
(e.g., Ly = |[W] - max|tanh’| < 1), so:

|f(2(s), I",0) = f(h(s), I",0)] < Ly|x(s) — h(s)]. (23)

If f(x,I*,0) ~ f(h,I*,0) within ¢/2, bound the inte-
grand:

t
olt) = h(o) < [ e IV (£ ns) - ] ds.
0
(24)
Let M = sup,¢jo,7y |h(s) — A| < oo (since h is continuous
on a compact interval and A is fixed). Then:

t
lo(t) — h(t)] < %M/ WI935
0

For [W| < 1, set C = % < 00, 8o |z(t) — h(t)] <
C'5 < e by choosing € small enough relative to C'. Thus, the
LTC approximates h(t) within €, completing the proof. [J

Significance: This expressivity enables ACuRE to
model complex SpO, signals (Section ??.A), outperform-
ing linear RNNs by capturing multi-scale dynamics, crucial
for video-based physiological estimation.

5.3. Robustness of LTC Dynamics

Theorem 3. For the LTC ODE in Equation (4), where
z(t) € RP is the hidden state, 1(t) € RP is the input,

and f(z,1,60) = W tanh(yI + p) is Lipschitz continuous
with constant Ly < oo, the dynamics satisfy:

dx dx
— (I +6I)— —(I
0D ——(I)

’ < Lyljo1], (26)

for any perturbation §1 € RP, ensuring bounded sensitivity
to input variations.

Proof. Consider the LTC ODE from Section III (Equation
4):

i
For inputs I(t) and perturbed I(t) + 61(t), compute the
difference:

dm——[i+f(x,[,9)]x+f(x,l,9)z4. 27

%(I—HSI) =— [i +f(x,[+6],9)} x+ f(x, I+ 01,0)A,
(28)
dxr 1
E(I) =— [7_ +f(x,I,9)] z+ f(z,1,0)A. (29)
Subtract:
dx dzx
E(IJH;I)—E(I): (30)
[f(z, I +61,0) — f(z,1,0)] A. (32)
Factorize:
dr dx
S OD) = SL (1) = [f (2,1 +01,6) — f(, 1,6)] (A=),

(33)
Since f(x,1,0) = W tanh(~yI+ ) is Lipschitz continuous
in I (as tanh has a bounded derivative < 1), there exists
L < oo such that:

1f(z, I +61,0) — f(z,1,0)] < Ly[loI]].  (34)
Thus:
dx dx
%40 = S0 < o T41,0)- 1o 1.0) A=l
(35)
Bound the magnitude:
dx dx

rvon - S| < Looriia-al. o
Since z(t) and A are finite in practice (per Section IIL.A
and Theorem 1’s stability), let K = sup, ||A — z(t)]| < oo.
Then:

dx dx

— I +0I)— —(D)|| < L¢K|61]. 37

[Sason -S| < Lxiornl. on
Defining L', = L; K, we have:
dx dx

— (I +6I)— = (I)|| < L}||oI 38

g L+ 00) — (1) < Ly [|o1]) (38)

proving the robustness bound (Section III.A). O



5.4. Regularization Effect of Continuity Loss

Theorem 4. Minimizing Lppg = 7 | R dtdzdy,
where R = % + V - (pv) is the continuity residual,
bounds the H'-norm of p, reducing gradient variance,
where p(t,z,y) € R is the blood density field, and v =
(vg,vy) € R? is the velocity vector.

Proof. Consider p(t, z,y) on the domain [0, 7] x [0, W] x
[0, H], representing the AC component’s density channel
(Section III-B), with periodic boundary conditions over

time ¢ € [0,T] and space (z,y) € [0,W] x [0, H]. The
loss is:
_ 1 op  pvs) | Apvy)\
EPDE—TWH/<8t + oz + ay dt dz dy,
(39

where T, W, H are the temporal and spatial dimensions.
Assume |vg],|vy| < V < oo, bounding velocity magni-
tudes (e.g., blood flow in rPPG). The Sobolev H!-norm is:

ap 2
2 _ 2, |opP
ol = [ <p +|%

where Vp = (@ @) Define:

- |Vp2> dtdzdy,  (40)

oz’ Oy
_ 9
R=— +V-(pv), @1)
0 Opvs) _ 3lpwy)
P _ p_ O\PUz)  O\pUy
ot R or dy (42)
Square and integrate:
2 [—
/() /R/ (o)) 2/«% (o).
(43)

Apply integration by parts to the cross term:

dp B 0
/8tv (pv) dtdxdyff/pa(V{pv))dtdzdy,

(44)
since fOT %(pv (pv))dt = [pV - (pv)] = 0 under peri-
odicity. Expand:

V- (pv)=pV - -v+v-Vp, (45)
aat(V (pv)) = ‘?)tv v+p§t(v v)+v- %Jr
N (46)

Assuming v is smooth and time-independent (short video
clips), 5 6" =0:

0 Jdp E)Vp
5V (V) =5 Vvt v —n 47

Bound:
0 oV
T A R Pt
Thus:
P oV
\/Paﬁ \/m(v \+v| )
(49)

Using Cauchy-Schwarz and smoothness (|V - v| < Vp):

J1%

where C' = V2 approximates spatial gradient contributions
(conservative). Hence:

R2 +C/|Vp\2, (50)

ol < /p2+<1+c>/32 +01/\Vp|2, 51)

with C; = V2. Minimizing Lppg reduces | R?, bounding
lpll%;: and gradient variance, stabilizing Vac (Section III-
B). O

Significance: This regularization ensures Vac's tempo-
ral and spatial consistency (Section III-B), critical for sup-
pressing noise in SpO, feature maps under diverse condi-
tions (e.g., lighting changes, Section V-D).

5.5. Joint Optimization of LTC and PDE Loss En-
hances Temporal Consistency

Theorem 5. For the ACuRE model with LTC dynam-
ics ‘fi—f = —[L+ f(=,1,0)]z + f(z,1,0)A and total
loss Lio = Lspo, + aLacpc + Lppr, where Lppp =
g J R dtdedy and R = g—’t) + V- (pv), the joint opti-
mization reduces the variance of the predicted SpO2 signal
gradient:

1
Var(VY) < C < + ||p||:;11> ,
Teff

where Tz = (% + f(acJ,H))_l is the effective time con-
stant, C' is a constant, VY = %1;, and Y (t) is the predicted
SpO?2 signal.

Proof. Setup and Notation: Let V(t,z,y) €
REXTXWxH pe the input RGB video, processed through
AC/DC convolutional layers to yield Vac = [p, Vg, Uy,
where p(t,z,y) € R is the blood density field and
v = (vg,vy) € R? is the velocity field. The 3D-ResNet-18
backbone extracts features, producing input I(t) € R to
the LTC layer. The LTC dynamics govern the hidden state
z(t) € RD:
dx

1
e R LR Y Nty



where f(z,I,0) = Wtanh(yI + ), 7 € [0.1,1.0], and
A € RP. A fully connected layer maps z(t) to Y (t) =
g(x(t)), with g linear (W, € R1*P). The total loss is:

Liota1 = Lspo, + aLacpc + LppE, (53)

with £5p02 = MSE(K YGT) + NegCorr(Y, YGT)’
Lacpc =MSE(Vac, Vac) +MSE(Vpe, Vpe), and
Lppe = 7y [ R2dtdxdy, R = % + V- (pv). Step 1:

Gradient of Predicted SpO2 Compute:

dY dx
VY=g = Wogy
1
=W, ( L_ +f(x,[,9)] erf(x,I,G)A) .
(54)
Define 7o = (& +f(a:,I,9))_1, where f €

[—|W|,|W]], and T > 0.1, so 7o € (0, 1] for |WW| < 1.
Step 2: Variance of VY The variance over ¢ € [0, 7 is

Var(VY):% / T(VY(t)— Y)2d / VY (t) dt.
’ (55)
Bound: "
Var(VY) < % / (VY (t)?dt, (56)
0
where:
VY (t) = W, (- féZ) + f(x(t),[(t),@)A) .7

With ||[Wyll2 < K, < oo:

2
dt.

(58)

Step 3: LTC Contribution From Theorem 1, z(t) is

bounded: ||z(t)||2 < M, < oo. Also, f < |[W|, ||A]l2 <
M 4. Split:

x(t)

Tef(t)

1 T
Var(VY) < Kjf /
0

+ f2(8),1(t),0)A

2 2

(1) (1)
H‘m(t) FI, 10,04 <2 20
+ 2 f((t), 10, 0) A,
(59)

1 M?
Var(VY) < K2 — / (2 +2|W|*M ) dt. (60)
( )< T Teff(t) | | A

Let Cy = 2K2M2, Co = 2K2|W[2M3:

1
Var(VY) < C1E [
Teff

} + Ca. (61)

Step 4: PDE Contribution Lppg bounds:

a 2
ol = [ (m\af’ +Vp|2> A

o (62)
reducing ||p||3;. as Lppg decreases. For I(t) = h(Vac(t)),

Lipschitz h (constant L) gives:

11(8) = I(s)ll2 < LaCsllpll s VIt = s, (63)

smoothing () and thus %2
Step 5: Joint Bound Combine:

1
eff

2

approximating E {}2} ~ (E {T—lﬁ}) . Define C =
eff e

max(C1, C7):

1
Var(VY) < C (T + |p|§p> + Cs. (65)
eff

AS Lo — 0, the bound tightens, proving the theorem. [J

6. Dataset Details

We conducted our SpOs estimation experiments on three
publicly available datasets: PURE [19], BH-rPPG [22], and
VIPL-HR [15]. The PURE[19] dataset comprises 60 face
videos from 10 subjects recorded during six one-minute ses-
sions featuring various head motions (steady, talking, and
translations).The videos were captured at a resolution of
640x480 pixels with a frame rate of 30 FPS, while SpO4
signals were recorded using a finger pulse oximeter operat-
ing at 60 Hz. The BH-rPPG[22] dataset contains 105 videos
from 35 participants, collected under three distinct light-
ing conditions: low (8 lux), medium (42.4 lux), and high
(104 1ux). These videos were recorded at 640x480 resolu-
tion with a frame rate of 15 FPS, with SpOs measurements
obtained from a CONTEC CMSS50E pulse oximeter. The
VIPL-HR[15] dataset comprises 2,378 visible light (VIS)
and 752 near-infrared (NIR) videos from 107 subjects, cap-
tured under varying head motions, lighting conditions, and
multiple acquisition devices, including Logitech C310, Re-
alSense F200, and HUAWEI P9. The ground-truth physi-
ological signals were recorded using a CONTEC CMS60C
BVP sensor. These datasets collectively provide a diverse
benchmark for assessing the accuracy and generalizability
of SpO, estimation models.

7. Error Metric Formula
¢ Mean Absolute Error (MAE):

N
1 .
MAEZN E |Y; —Yi, (66)

=1



where Y; and Y; represent the ground truth and pre-
dicted SpO- values, respectively, and N is the total
number of samples.

Root Mean Squared Error (RMSE):

N
1 N
RMSE = | = 3 (¥i = ¥)2.

i=1

(67)

RMSE provides greater weight to larger errors, making
it more sensitive to significant deviations.

Pearson Correlation Coefficient (7):
N — A~ ~
e SNV Y)

Va7 (v - 72

where Y and Y are the mean values of the ground truth
and predicted SpO., respectively. A value of r closer
to 1 indicates stronger agreement between predictions
and ground truth.

(68)
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