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Abstract

Deep learning time-series processing often relies on convolu-
tional neural networks with overlapping windows. This over-
lap allows the network to produce an output faster than the
window length. However, it introduces additional computa-
tions. This work explores the potential to optimize compu-
tational efficiency during inference by exploiting convolu-
tion’s shift-invariance properties to skip the calculation of
layer activations between successive overlapping windows.
Although convolutions are shift-invariant, zero-padding and
pooling operations, widely used in such networks, are not
and complicate efficient streaming inference. We introduce
StreamiNNC, a strategy to deploy Convolutional Neural Net-
works for online streaming inference. We explore the ad-
verse effects of zero padding and pooling on the accu-
racy of streaming inference, deriving theoretical error upper
bounds for pooling during streaming. We address these lim-
itations by proposing signal padding and pooling alignment
and provide guidelines for designing and deploying models
for StreamiNNC. We validate our method in simulated data
and on three real-world biomedical signal processing applica-
tions. StreamiNNC achieves a low deviation between stream-
ing output and normal inference for all three networks (2.03 -
3.55% NRMSE). This work demonstrates that it is possible to
linearly speed up the inference of streaming CNNs process-
ing overlapping windows, negating the additional computa-
tion typically incurred by overlapping windows.

Code — https://github.com/esl-epfl/streaminnc

Introduction

In many DL time-series inference applications, such as
robotics or healthcare, the model’s output is required when
a new sample is acquired, an inference scheme referred to
as streaming inference. In such an environment, computa-
tion optimization methods that rely on batch-parallelization
(Mittal and Vaishay 2019), (Wang, Wei, and Brooks 2019)
are not applicable. Other optimization strategies have been
proposed to reduce inference computations and boost effi-
ciency, such as pruning (Li et al. 2020), dynamic pruning
(Shen et al. 2020) and early exiting (Li et al. 2023).
Time-series DL models often process overlapping data
windows, guaranteeing frequent output and robustness on
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sample border effects (Zanghieri et al. 2019), (Kechris et al.
2024b), (Shahbazinia et al. 2024), (Reiss et al. 2019). This
overlap introduces additional computational overhead, and
a considerable portion of the input information is repeated
between successive windows. Shift-invariance is the abil-
ity to maintain the same representations when the input is
temporally translated. It can be used to mitigate this addi-
tional overhead during online inference. Convolution pro-
vides a natural way to introduce shift invariance to a DL
model (Bruintjes, Motyka, and van Gemert 2023).

(Kondratyuk et al. 2021) and (Lin, Gan, and Han 2019)
proposed specific streaming Convolutional Neural Net-
work (CNN) architectures for processing videos. For one-
dimensional time series, (Khandelwal et al. 2021) presented
a real-time inference scheme for CNNs. Their method is
tested on CNNs of limited depth and fixed kernel size with-
out pooling operations. These systems exploit the temporal
translational invariance of the convolution operation, allow-
ing them to skip computations between successive windows
and update only the required layer outputs.

These methods cannot be generalized for performing
streaming inference with any temporal CNN architecture.
Additional operations, such as pooling, padding and dense
layer, are generally used, which are not translation invariant.

Pooling reduces the dimensionality of intermediate rep-
resentations temporal axis (Zanghieri et al. 2019), (Kechris
et al. 2024b), (Shahbazinia et al. 2024). (Azulay and
Weiss 2019) empirically investigated the connection be-
tween Nyquist’s sampling theorem and the lack of transla-
tion invariance due to pooling. A low-pass filter on the pool-
ing filter was proposed by (Zhang 2019) as a potential so-
lution to limit the effects of aliasing. Other works have also
proposed similar anti-aliasing filters to mitigate the effect of
pooling (Chaman and Dokmanic 2021), (Zou et al. 2023).

CNNs also use zero-padding (O’shea and Nash 2015).
This introduces positional information in the learned rep-
resentations, breaking their translation invariance (Kayhan
and Gemert 2020) and further complicating the deployment
of pre-trained CNNSs as streaming models.

In this work, we propose exploiting common informa-
tion in successive windows to reduce computations dur-
ing inference. Specifically, we focus on CNNs, exploiting
convolution’s inherent translation invariance properties (Von
Zur Gathen and Gerhard 2003). We investigate the two



main CNN components that break translation invariance:
padding and pooling. Based on this exploration, we derive
StreamiNNC, a strategy for adapting any pre-trained CNN
for online streaming inference. We evaluate our proposed
method on three real-world biomedical streaming applica-
tions.

We present the following novel contributions:

¢ We introduce StreamiNNC, a scheme for efficient CNN
inference in streaming mode requiring minimal changes
to an original pre-trained CNN.

We investigate the effect of zero-padding on the accuracy
of StreamiNNC inference and compare it to the alterna-
tive of signal-padding.

We derive a signal-padding training strategy with mini-
mal changes to the original CNN and the training routine.

We provide a theoretical explanation of the translation
invariance properties of pooling which, so far, have only
been investigated empirically.

Preliminaries

Denote a real-time domain signal z(¢) : R — Rt € R.
Without loss of generality, we consider a single-channel sig-
nal, although our analysis can be expanded to the multi-
channel case: x(t) : R — RNehanneis ¢ ¢ R, The signal
is sampled, with a sampling period 75, into its discrete rep-
resentation, x[i] = x(i - Ts), 4 € N and then windowed with
windows of length L and step S samples.

We denote a vector from successive sampled points
{z(n1-Ts),z((n1+1)-Ts),...,x(n2Ts)}, where ny < ngo
and ny,n2 € N as: €y, = [Z[n1], ..., 2[n2]]. Then the
i — th window, from ¢t; = i-T, - Stot; + L - Ty, is the
vector ¢; = x;,4+1. If S < L, then between two succes-
sive windows, @;.;+ 1, and & ;4 5.+ 5+ ., there is overlap, that
is, there are L — S common samples ;. s.;1 1. We assume
that L — S > 0, .5 > 0, and to simplify our derivations, we
consider L to be divisible by S.

Let a real time-domain signal z(t), f : R — RM oper-
ating on x and Ta,[] is the operation of translating a signal
in time by At, i.e. Tag[z](t) = (¢t + At). f is temporally
translation invariant if:

For on-line inference, a deep CNN, f(-), serially pro-
cesses the windows x; as soon as they are available. The
CNN comprises a feature extractor h(-) and a feature clas-
sifier, g(+), f = h o g. h is composed of a series of N con-
volutional blocks, hj: h = hgo---ohjo---ohy_;. Each
convolutional block can contain convolution layers, activa-
tions, batch normalization layers, and pooling (subsampling)
operations. g is typically a series of fully connected layers
followed by non-linear activations.

For the entire feature extractor h to be translation in-
variant, all layers h;,i € [0, N — 1] have to be transla-
tion invariant. Layers that process a single activation point
are trivially translation invariant, e.g., for ReLU y[i] =
max(x[i],0),Vz[i] € . Translation inveriance in layers
processing a group of points, e.g. convolutions or pooling, is
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not trivial and requires elaboration. The classifier, g, is usu-
ally comprised of fully connected layers. Hence, they are
not inherently shift invariant, and we do not consider g in
StreamiNNC.

Convolution and Temporal Translation Invariance

For a linear kernel w(t) € R the convolution (w * z)(t) :
R — Ris: y(t) = (w=2)(t) = [w(r)x(t — 7)dr. Shift-
ing the input signal x(¢) by At results in the same output
but shifted by At as well, satisfying eq. 1: Tas[y](t) =
Jw(r)x(t + At — 1)dr.

In the time-finite, discrete case, the situation is similar,
yet with some nuances. The discrete convolution output,
y, € RE=M+L of z; and kernel w € RM is: y;[n] =
> w[m]z;[n — m]. Consider the convolution output for the
next window x;; where x; is shifted by S samples. Ex-
cept for the boundary samples, the output is again equiv-
alent to the previous output, just shifted by S samples:
yisiln] = yiln + S] = 3 wimle;n + S — m).

However, in practice, the input window is usually padded
with M — 1 zeros such that the output remains the same size
as the input: y € RY. Theny, = w [0 z; 0] and the
shift equivalence no longer holds, since the output border
elements are affected by the padding zeros.

Methods

Given a pre-trained CNN f = h o g, StreamiNNC optimizes
online inference by operating % in streaming mode, apply-
ing the minimum amount of changes to the original network
(Figure 1). We achieve this by replacing window-wide con-
volutions with convolutions processing only the new infor-
mation. Depending on the architecture of f, past information
may be stored for exact streaming inference or discarded for
approximate streaming. Additionally, StreamiNNC may re-
quire weight retraining to guarantee translation invariance.
In the rest of this section, we explore the factors determin-
ing these design choices.

Padding

Padding is necessary to maintain a deep network structure
without degrading the activation to a single value. However,
zero padding destroys the convolution’s shift invariance. It
is also problematic in terms of representing an infinite sig-
nal. In signals like images, the signal is confined within the
limited pixels of the image, with the rest being considered
just zero values. However, a time-infinite signal x(¢) is not
only constrained within the limits of the x;.

We address these zero-padding limitations with Signal
Padding (Figure 1), inspired by the Stream Buffer (Kon-
dratyuk et al. 2021). In Signal Padding, the input of each
convolutional layer is padded with values of the previous
window, i.e. for a window x; its signal-padded equivalent is:
[€;—ni ;). Then the output of the first convolution layer
with weights w! is y!;, = w! * [x;_pn; ;). Since we are
dealing with online inference we have adopted a causal con-
volution scheme (Bai, Kolter, and Koltun 2018). In general,
for the convolutional layer at depth d:

d—l]

Yi 2

d_ ..d d—1
yi = w Y
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Figure 1: Left: Full Inference. CNN, f, processing a window «;. Middle: Streaming Inference. Only the new information is
processed by f, and part of the inputs and activations are stored and retrieved to be used as padding for the next window. All
intermediate embeddings are stored in the aggregated embedding. If the network has been trained with Signal Padding, then
the aggregated embedding is equivalent to the full inference embedding. Right: Approximate Streaming Inference. Just like
in streaming inference, we only process the newest samples. Here, previous inputs/activations are not stored, and zero-padding
is used instead as an approximation. The resulting intermediate embeddings are aggregated into an approximate embedding.

The padding values of the activations, y?j}wzi, need to be
buffered between successive window inferences.

Pooling

In general, pooling is not invariant to temporal translation. It
can be if we constrain the window step S to be a multiple of
the pooling window length L, Figure 2. This constraint has
to be guaranteed for all pooling operations in the network.
In the general case, however, pooling can be approximately
shift invariant. We will now investigate the shift approxima-
tion of pooling by deriving upper error bounds for approxi-
mating a pooling operation as translation invariant.

Pool Alignment Pool Misalignment

x; 1 2[3]4]5]6 7|8|910§12|3|4 s]e]7]8]9 10
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Figure 2: Illustration of shift-invariance of the pooling oper-
ation. Left: During the previous window, ¢ — 1, the sequence
[1---6] is processed. Then the window moves by a step of
S = 2 samples, window i, processing samples [3 - - - 8] and
similarly for the ¢ + 1 window. The input is passed through
Max Pooling with a pooling window size L, = 2. S and
L, are aligned, hence pool(x;+1) can be partially estimated
from the elements of pool(x;) (blue arrows). Right: S and
L,, are misaligned, and the pooling operation is not transla-
tion invariant. Shifting the elements of pool(x;) to partially
estimate pool(x;+1) can only be an approximation.

Letp : RE» — R be a pooling operation y; P(Tiivr,)-
p(-) takes as an input a vector of L, samples, performs an
operation and outputs one scalar value as the result. For ex-
ample, for Max Pooling, p(x;.i1r,) = max(Ti.iyr,)-

Now =z, the input to a pooling operation, is sampled from
a continuous signal x(t), bandwidth limited to f,,,4., that
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is, for its Fourier transform, X (f), it holds that X (f) =
0,Yf > fmaz Letting A = sup|z(t)], and following
Bernstein’s inequality (Pinsky 2023), the absolute first time
derivative of z(¢) is bound by: |2/(t)] < 27 - A - fiaw
where |2/| can reach the maximum 2 - 7 - A - fi,4, only
when z(t) contains a single oscillation at f,4., x(t)
Acos(2 frnazt + ¢). Since x[n] is sampled from x(¢),

71[2']—22[1'—1] ~ x'(t), and

fma:r

fs
Note that due to the Nyquist theorem, f,,q.. < fs/2, hence
in the worst case scenario: |x[i] — z[i — 1]| < 7 - A and
|x[i] — z[i —1]| < 2A < - A. So the upper bound saturates
when f’rnax > fs/ﬂ- at 2A.

From eq. 3 we can derive the upper error bounds for ap-
proximating a pooling operation by shifting. Consider two
samples z; and z; with j —i = m > 0, |z[i] — z[j]] <
(m—-1)-2-w-A- fy;i Here we have considered the
worst-case scenario in which 2 maintains the maximum rate
for all samples from x[i] to x[j]. Additionally, we assume
the worst-case scenario where the pooling windows are mis-
aligned such that they share only one common time-point
sample x[i].

Pooling In this case, the pooling operation is defined as
Y= p(i.i11,) = x;. In the worst case scenario, the pool-
ing window is misaligned such that the shifting output is
nyer = p(®itL,:i420,) = TitrL,- Then

i) —2[i—1)| <27 A frngeTs =27 A- 3)

fm,ar{:
Ellyly s =¥ ] = Ellzisr, —ail] < (Lp—1)-2-7-A-
“4)
Max Pooling For Max Pooling, p(xiiir,) =
max (.11, ), and similarly to the basic pooling case:
. . fmax
Elly?[i + 8] —y"[i]] < (Lp —1)-2-7- A- 7 ©)

Average Pooling For average pooling, p(xi.iyz,)

L
L i @iy 1, [n] and:

Ly



fma:z:
fs

The following corollaries can be drawn from eq. 4, 5 and
6:

1.

EllyP[i + S| —yPli]|]] < (Lp —1)-2-7-A- (6)

Given S - L, misalignment, L, > 1 and a finite f,,
the upper bound cannot guarantee strict equality unless
fmaz = 0, i.e. constant input.

. However, the approximation error of the shift can be
small enough, given a high enough sampling frequency
of the pooling input, &, compared to its bandwidth. In
this case, pooling does not achieve a high-dimensionality
reduction.

. In the worst-case scenario, the error can be consider-
able, for example, the relative error for Max Pooling

]E[\le[i""i]—yp[i]\] < 2(Lp _ 1)72(Lp _ 1) > 1.

To generalize for the entire CNN, « is given as input to
f(), with x(t) band-limited at f,,q,. As @ traverses the
network layers, each layer will affect its spectral content.
Linear convolutions may limit f,,,, through linear filter-
ing but, being linear, cannot expand the bandwidth. How-
ever, non-linear activations will increase it, introducing ad-
ditional frequencies higher than the original f,,,, (Kechris
et al. 2024a). Potentially f,,,, can be increased close to the
Nyquist maximum f/2.

Apart from the non-linear activations, the pooling opera-
tions themselves are also affecting the upper error bound in
two ways:

1. The effective sampling frequency is reduced as the orig-

inal input passes through successive pooling layers.

. fmaz may also be reduced if the input to the pooling con-
tains frequencies higher than the effective Nyquist fre-
quency. Since these cannot be represented, they are dis-
carded.

Overall, the upper bounds of the shift approximation error
become increasingly looser for deeper layers of the CNN.
Our conclusion is consistent with the empirical observa-
tions of (Azulay and Weiss 2019). Additionally, these up-
per bounds provide insights into why anti-aliasing is insuf-
ficient even when fy,q. < fs/2. Recall that for fs/7 <
fmaz < fs/2 the upper error bound saturates at 2A(L, —1).
If fs >> fas, then we can safely assume that the pooling
layer is approximately translation invariant.

Streaming and Approximate Streaming Inference

We now describe streaming inference with shift invariant
convolutional feature extractors. We make the following as-
sumptions for all layers &; in & to ensure that h is translation
invariant:

1. The weights have been retrained with signal padding or

zero-padding effects are small

Pooling operations are shift invariant or approximate
shift invariant.
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Once S samples are available they form the sub-window in-
put xg,,i € [0, L/S] and are processed by the feature ex-
tractor h: Es, = h(xgs,). When all L/S sub-windows have
been processed, they are aggregated into a single embedding
ES():L/S [E307E517 ey ESL/S]' Eso:L/S contains the in-
formation of the entire window of L samples and is equiva-
lent to the embedding Es, , ¢ if h had processed the entire
window, E' = h(x). From there, the classifier g can process
this embedding producing its output yo = g(Es, ,, <) The
output is equivalent to processing directly the entire window
since the embeddings E and F’ are equivalent.
When the next sub-window is processed Es, o,

h(zs,,s.,) itis appended to E:

ESI:L/S+1 = [E517E52"' '7ESL/S’ESL/S+1] (7
The embeddings Es,, Es,, ..., Eg,  have already been
processed, and we do not need to calculate them. We just
need an aggregation buffer to hold them in memory.

Signal padding enables the equivalence
(h(s,)s - - h(Ts, ,5)] h(x). However, each con-
volution requires M — 1 samples from the output of the
previously processed window to be used as padding, Eq.
2. These have to be saved into a buffer reserved for each
convolutional layer in the feature extractor. Hence, the
memory footprint increases since additional space is needed
for the buffers of each layer. Additionally, the required
read/write operations for these buffers will affect execution
time by increasing latency.

If the convolution kernels are small enough, then a small
number of padding values are needed. Thus, padding with
zeros instead of signal values might be a good enough ap-
proximation with respect to inference accuracy. This strat-
egy allows us to avoid the additional buffer and, conse-
quently, the additional memory overhead needed by Signal
Padding. Furthermore, this strategy does not require retrain-
ing with Signal Padding, and a pre-trained model can be di-
rectly deployed for streaming inference.

Training Streaming for Inference

To guarantee translation invariance of the CNN representa-
tions during StreamiNNC the pretrained weights of the CNN
have to be swapped with signal padding weights, and the
CNN needs to be retrained with Signal Padding.

Signal Padding inference relies on sequential processing
of temporal data. However, training with sequential execu-
tion significantly increases the training time, as there is little
data parallelism. In addition, it complicates data shuffling,
which might be useful in converging to an optimal solution.

We propose the following Signal Padding training strat-
egy (Figure 3). The feature extractor’s, &, input window, x;,
is extended by appending L, additional time-points to the
inputxgp = [',L.ing:i717 CL'Z‘], with Ti—Lyi—1 the additional
signal samples. L, has to be selected so that it is at least
equal to the receptive field of the deepest convolutional layer
in the feature extractor, ro (Araujo, Norris, and Sim 2019):
Ly, > 7,. h is using zero-padding and the entire network f
is trained normally without any further changes.

The output of the feature extractor is then:
h(lxi—r,i-1,%i]) = [Biip,io1,Bil. Eiopgio1 is
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Figure 3: Strategy for training Signal Padding in batch mode.
The input window, x;, is extended by L, samples. L, is
chosen such that at depth d the receptive field of h, rg, is
smaller than L,. The feature extractor only processes the
samples that correspond to the initial window ;.

affected by the zero-padding, while E; is not. Only E; is fed
into the classifier g, and the network output is g(F;). In this
way, the network makes an inference only on the original
window inputs without the effect of zero padding.

Computational Speedup

Under streaming mode, for a new sample g, . , only
Es, 5., needs to be computed, eq. 7. The rest of the sub-
embeddings Eg, have been already calculated in the pre-
vious window input and are just restored from the buffer.
Hence, in streaming mode, we need x L /S less operations
compared to full inference, leading to x(L/S) speedup.
This speedup estimate ignores the additional overhead from
accessing the layer buffers and thus is only accurate for ap-
proximate streaming inference.

Experiments

We validate our theoretical derivations and evaluate our
streaming inference methodology by performing experi-
ments on simulated and real-world data. For real-world ap-
plications, we consider the following three convolutional
networks, processing three different signal modalities.
Heart Rate Extraction. The first CNN, fppg, is infer-
ring heart rate from photoplethysmography signals (Kechris
et al. 2024b). The network is evaluated on the PPGDalia
dataset (Reiss et al. 2019), simulating in-the-wild conditions
for heart rate monitoring from wearable smartwatches. The
signal is sampled at 32 H z and windowed into windows of 8
seconds (256 samples) with a step of 2 seconds (64 samples).
The feature extractor of fppg, hppg, consists of three con-
volutional blocks. Each block contains three convolutional
layers with ReLU activation followed by an average pooling
operation. All convolutional layers have a large kernel size
(kernel = 5, dilation = 2) which translates to potentially
significant translation-invariance degradation of hppg due
to the effect of zero-padding, especially in the deeper layers.
Electroencephalography-based Seizure Detection. The
second network, fggg, is performing seizure detection from
electroencephalography signals (Shahbazinia et al. 2024) on
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the Physionet CHB-MIT dataset (Shoeb 2009). The signals
are windowed with a window size of 1024 samples and
a step of 256 samples. Here, the feature extractor, hppg,
comprises three convolutional layers with ReLU activation,
followed by batch normalization and max pooling. Here,
in contrast to hppc, the kernel size is small (kernel =
3, dilation = 1).

Wrist acceleration based Seizure Detection. The last
CNN, facc, is classifying seizures using the accelera-
tion recorded from the patient’s wrist (Spahr et al. 2023).
hacc processes windows of 960 samples with a 160 sam-
ple step size and comprises six ReLU convolutional layers
(kernel = 3) followed by a batch normalization layer. No
pooling is utilized here.

We perform the following experiments.

Pooling Error Bounds. We numerically evaluate our the-
oretical model from eq. 4, 5 and 6. We generate example sig-
nals and evaluate streaming errors on a single pooling layer
when the window step S is not aligned with the pooling win-

dow L.

Two input cases are considered: a mono-frequency sig-
nal, Timono(t) = cos(2m + fo - t), and a multi-frequency
one Tpuii(t) = >, cos(2m - i - fo - t). We sample two

8-second windows from Z,one(t) and . (t) with an
overlap L — S: xy,,,,.,%2,,,,, and x; T A
swipe over S is performed to estimate the maximum er-
ror. For every tested overlap, we calculate the max pool-
ing output for each window and the average and maxi-

mum relative errors: va OS Yy, [i + 5] — xo, [i]]/A
and max;cpo, N5 1](\5[21 li + S] — @2, [i]|/A respectively,
where m € {mono, multi} and A = sup|z(t)|.

To test the effect of the sampling frequency, we fix the
pooling window at 8 seconds and test with sampling fre-
quencies f, € [2°,...,2'9Hz. Then, we test for pooling
window sizes L, € [21,...,2'6] fixing fs = 256H 2.

Zero Padding Effect. We empirically investigate
the effect of padding on the translation invariance of
hppc,hepc, hacc. We set all convolution weights to the
same constant value to perform moving averaging and pro-
vide as input a constant vector at 1. Without the effect of ze-
ros in the padding, all convolution output should be 1. The
deviation of output samples from 1 indicates the effect of
zero padding.

Streaming Inference. We evaluate streaming inference
with zero padding on fppa, fEEG, facc, using the pre-
trained weights from (Kechris et al. 2024b), (Shahbazinia
et al. 2024) and (Spahr et al. 2023) and perform in-
ference using StreamiNNC, with exact and approximate
streaming. To compare full inference to streaming infer-
ence, we compare the outputs of the models between the
two modes using Normalised Root Mean Squared Error:

\/]E ullyYstream
NRMSE(yfullvystream) - [y ]

maz(y furt) —min(yull) - feBG
and facc are classifiers with two output units, indicating
seizure or not-seizure, so we report the NRMSE of the lin-
ear activations for each output unit separately, that is, be-
fore applying the softmax. We also demonstrate the effect of
Window step/ Pooling window misalignment on fppg.

To investigate signal padding, we retrain fppg

multi) multi®




with signal padding training. In addition to the
NRMSE(Yuli; Ystream) We also evaluate its perfor-
mance as the Mean Absolute Error (MAE) between the
model output and the ground truth heart rate (Reiss et al.
2019), (Kechris et al. 2024b). We also perform partial
streaming inference, where only the first three convolutional
layers, the least affected by zero-padding, are in stream
inference mode, limiting the effect of zero-padding.
Furthermore, we implemented the f4c¢ model in C++11
to evaluate the speedup achieved with streaming inference.

Results
Pooling Error Bounds

The empirical errors and theoretical upper bounds for the
pooling shift approximations are presented in Figure 4. For
the mono-frequency input, the empirical maximum error
matches our upper bound (top). As expected, for the multi-
frequency case (bottom), our error upper bound is larger than
the empirical maximum error. In both cases, the empirical
average error is lower than our upper bound. Additionally,
selecting a small pooling window size or a large enough
sampling frequency with respect to the input’s bandwidth
results in a very small relative error.
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©
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=
a3
Multi-frequency 2
=
Q
= 005 g 10 007
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Figure 4: Error introduced due to shifting on non-aligned
pooling operations: empirical maximum expected error
(blue), empirical maximum error (orange) and derived upper
error bounds (green). For the mono-frequency input (top),
our bound aligns with the empirical maximum errors. For
the multi-frequency input (bottom), the actual empirical er-
ror is less than our derived bounds. Nonetheless, our model
predicts the behavior of the shift approximation as a func-
tion of the pooling window and the sampling frequency.

Zero Padding Effects

The effect of zero-padding values on the activations is pre-
sented in Figure 5. The large kernel size relative to the inter-
mediate representation sizes across the temporal axis causes
the network to be considerably affected: after the fifth layer,
more than 50% of the activation outputs are affected by the
zeros in the padding. This ratio grows to 100% for the last
two layers. This is problematic during streaming inference
since the translation invariance of the convolutional layers
is heavily hampered, resulting in a high NRMSE 18.91%
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(Figure 6). Signal padding addresses this issue, reducing
NRMSE to 2.60%.

In contrast, for hggpe and hacc, the zeros have a con-
siderably smaller effect. hggpc has a relatively large input
(1024 samples), and although it employs pooling, the convo-
Iution kernel size and network depth are small enough such
that at the last layer, only 3.12% of the activation samples
are affected by zeros. In the extreme case, h 4c¢ has a large
input (960 samples), a small kernel size of 3 samples and no
pooling operations. As such, the zero padding affects 1.25%
of the output of the convolution.

§_ 1 —_— conv_% _ 100
conv

5 —conv3 V75

= —conv 4 B

.S —conv_y 250

= —_— conv:? 32

S conv

2 —conv_8 X 25

50 conv_9 0

O 0 1 0

5

Output Sample (normalized) Conv. Layer
Figure 5: Effect of zero-padding on the convolution activa-
tions. Left: Activations of intermediate convolution layers
from hppe with constant inputs at 1 and moving average
convolutional weights. The first layers, e.g. first three, show
little zero-padding effect, with the majority of the output at
1, in contrast to deeper layers where all points are affected.
Right: Percentage of activation points which are less than
1, indicating an effect of the zero-padding for hppg (blue),
hggg (orange), and h 4o (green).

| J\/\/\/\[fl\ | |
0 0
0 20 0

20
Activation Sample
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Figure 6: Activations from a representative channel of the
last convolutional layer of hppg with zero padding (left)
and signal padding (right) when processing real photo-
plethysmography data taken from the PPGDalia dataset. The
activations of two consecutive windows are presented, with
the first window in blue and orange in the second. The acti-
vations are temporally aligned such that their values should
align if hpp is translation invariant. Zero padding is dam-
aging convolution translation invariance causing a difference
between re-calculating the activations (orange) and storing
them (blue), NRMSE 18.91%. In contrast, signal padding
allows hppg to store the activations of the previous win-
dow and re-use a part of them for the next input window,
NRMSE 2.60%.



Streaming and Approximate Streaming Inference

The performance of fppg as a StreamiNNC model is pre-
sented in Table 1. Streaming inference with zero-padding
leads to an increase in the model’s inference error (Stream-
ing MAE 4.45BPM vs 3.86BPM for full inference).
This error can be reduced by partial streaming (MAE
3.77B P M) without retraining the network. Retraining with
signal padding also reduces the streaming error (MAE
3.37BPM streaming vs 3.36 B PM full). The misalignment
of the window step / grouping leads to a significant increase
in the inference inaccuracies (6.73BPM).

Inference | MAE (BPM) | NRMSE (%)
Pretrained Zero Padding Weights

Full 3.84 -
Streaming 4.42 5.83
Partial 3.77 3.02
Pool Mis. 6.73 7.85
Retrained Signal Padding Weights
Full 3.36 -
Streaming 3.38 2.03

Table 1: MAE and NRMSE for fpp¢ for full and streaming
inference.

StreamiNNC, without any signal padding retraining, per-
forms satisfyingly for all models (Table 2). Especially frrc
and facco present small deviations between streaming and
full inference, NRMSE between 3.32% and 3.55%. fppg
presents the largest deviation (NRMSE 5.83%). These find-
ings are aligned with our exploration of the zero-padding ef-
fect (Figure 5). Finally, facc presents a satisfyingly small
deviation even with approximate StreamiNNC (NRMSE
2.12%), indicating the lack for the need of additional buffers.

Inference | free | feee | facc
Streaming 5.83 | 3.32/3.45 | 3.55/3.51
Approx. Streaming | 199 | 7.39/7.50 | 2.12/2.13

Table 2: %NRMSE of streaming and approximate streaming
for pre-trained networks using zero-padding. For fprc and
facc, the NRMSE of both output channels are presented.

Streaming Speedup

The inference speedup achieved is presented in Figure 7.
For the approximate streaming inference, the speedup is
x(L/S), (coefficient 0.13). In exact streaming inference, an
additional overhead is added because of the buffers needed
to store embeddings from previous samples. The speedup is
thus less than x(L/S) but still presents a linear behavior
(coefficient 0.15).
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Figure 7: Linear execution time vs input size for ap-
proximate streaming inference (blue), streaming infer-
ence(orange) and our theoretical estimate (green).

Discussion

From our theoretical exploration and experiments, we derive
the following guidelines for StreamiNNC.

Signal vs Zero Padding. Signal Padding guarantees
translation invariance of the CNN and hence equivalence
between full and streaming inference. However, it requires
specialized retraining, which might be impossible, e.g. pri-
vate dataset, or cost-ineffective. Conversely, a pre-trained
CNN can be directly deployed with StreamiNNC, without
any changes if the architecture allows it. Our constant input
- moving average filter method (Experiments - Zero Padding
Effect) provides an intuitive way of evaluating an architec-
ture’s temporal translation invariance. In our experiments
we were able to achieve a satisfyingly low error (NRMSE
3.02%, Table 1) even with a 10.54% effect of zero-padding
(Figure 5).

Exact vs Approximate Streaming. Approximate stream-
ing can be useful for some architectures, e.g. hacc
(NRMSE 2.12 — 2.13%, Table 2), especially since it does
not require any additional buffers for signal padding, reduc-
ing the memory footprint of the network. However, the inac-
curacies added to the sub-embeddings Eg,, due to the zero-
padding (Figure 1), can introduce considerable errors. In the
worst case scenario, this can render the output useless, e.g.
fppc (NRMSE 19.9% Table 2). The effect is dependent on
the padding sizes throughout the network, similarly to Sig-
nal vs Zero Padding, however, our experiments indicate that
here the output is more sensitive to the zero effects.

Pooling Alignment. Ensuring that the window step is
aligned with the pooling window size is crucial for guaran-
teeing model translation invariance. Failing to do so can in-
troduce significant errors, e.g. in our case 7.85% NRMSE for
fppc (Table 1). Pooling methods optimized for translation-
invariance (Zhang 2019) (Chaman and Dokmanic 2021),
(Zou et al. 2023) could help reduce this error. This would
have to be analysed and compared to the upper error bounds
derived in this paper.

The Clasifier. In this work we have only dealt with
streaming the feature extractor sub-network, h. The classi-
fier, g, usually comprises layers lacking the shift-invariant
property, e.g. fully connected layers (Kechris et al. 2024b).
This can be partially mitigated using a Fully Convolu-
tional Neural Network configuration (Long, Shelhamer, and
Darrell 2015), which however would require retraining a



new classification sub-network. Additionally, since simi-
lar strategies can be exploited on any translation invariant
operation, other more modern architectures could also be
streamed, e.g. group equivariant self-attention (Romero and
Cordonnier 2020).

Conclusions

In this work, we have introduced StreamiNNC, a strategy for
operating any pre-trained CNN as an online streaming esti-
mator. We have analyzed the limitations posed by padding
and pooling. We have derived theoretical error upper bounds
for the shift-invariance of pooling, complementing empir-
ical insights from previous works. Our method allows us
to achieve an equivalent output as standard CNN inference
with minimal required changes to the original CNN. Simul-
taneously it achieves a linear reduction in required compu-
tations, proportional to the window overlap size, address-
ing the additional computational overhead introduced by the
overlap.
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