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Abstract

How can neural networks be trained on large-volume
temporal data efficiently? To compute the gradients required
to update parameters, backpropagation blocks computations
until the forward and backward passes are completed. For
temporal signals, this introduces high latency and hinders
real-time learning. It also creates a coupling between consec-
utive layers, which limits model parallelism and increases
memory consumption. In this paper, we build upon Side-
ways, which avoids blocking by propagating approximate
gradients forward in time, and we propose mechanisms for
temporal integration of information based on different vari-
ants of skip connections. We also show how to decouple
computation and delegate individual neural modules to dif-
ferent devices, allowing distributed and parallel training.
The proposed Skip-Sideways achieves low latency training,
model parallelism, and, importantly, is capable of extracting
temporal features, leading to more stable training and im-
proved performance on real-world action recognition video
datasets such as HMDB51, UCF101, and the large-scale
Kinetics-600. Finally, we also show that models trained with
Skip-Sideways generate better future frames than Sideways
models, and hence they can better utilize motion cues.

1. Introduction

Popular deep video models generally rely on spatio-
temporal convolutional networks (3D CNNs) [12, 18, 52,

, 63] or recurrent networks [16, 24, 34] that are trained
with backpropagation (BP) using stochastic gradient descent
(SGD) [7, 19, 29, 33, 46, 57, 58, 60, 64]. This is a powerful
training paradigm but also an expensive one as it needs to
store all the activations in memory to compute Jacobian ten-
sors for the gradient calculations. First, all the activations
are computed in the forward mode, from the beginning to
the end of the sequence. Next, gradients are computed in
the reverse direction, from the end to the beginning. All that
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severely limits the scale at which we can train temporal mod-
els on large-volume sequences such as videos. Therefore,
typically these video models are trained on short video clips
(about 2.5s at usual frame rate), in offline batch mode.

Sideways [38] is a recent training technique for video
models that decouples the computation along the depth of
the network and introduces computation steps. As a new
frame is fed into the processing pipeline, each layer indepen-
dently updates the internal state of the network by computing
new activations and gradients. Next, these are passed to the
layers above and below in the next computation step (see
Figure 1 left). Moreover, the information cannot be back-
propagated to the same units that produced the activations
as this happened in the past computation steps. One may
say that “everything flows forward in time”, including the
backward pass. Due to these properties, Sideways is more
biologically plausible than the regular backprop, as it does
not block the computation and respects the arrow of time.

Although Sideways, as originally proposed, operates in
a temporal forward fashion, it is not a temporal model per
se, as it has access only to the present frame at each time
step. This results in improved memory efficiency similar to
single-frame models, making it suitable for real-time appli-
cations. However, this comes with the cost of not integrating
information temporally, which limits the expressive power
of the resulting models.

In this work, we show that it is possible for models to
process one frame at a time similar to Sideways, while still
being able to extract temporal features. We do this by in-
troducing shortcut (skip) connections in addition to direct
connections between the layers of the model. We study the
training dynamics of the resulting training procedure, which
we call Skip-Sideways, and show that shortcut connections
lead to more stable training and higher accuracy.

Regular skip connections [21] alter the information flow
along the data path of the network by allowing activations
to ‘skip’ layers, creating data shortcuts. In the proposed
Skip-Sideways, activations and gradients along the shortcut
connections are also sent forward in time, effectively cre-
ating data paths across time, making it possible to extract
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temporal features. This change not only extends the mod-
elling space, which subsumes spatio-temporal models, but
also gives an interesting perspective on shortcut connections
that are typically associated with vanishing or exploding
gradients [20, 23], or ensembles [56].

To validate the proposed setting, we train a traditional
image architecture, e.g., VGG [49], on action recognition
datasets [31, 50], including a large-scale one — Kinetics-
600 [12] — by encapsulating the neural modules in Skip-
Sideways units. Since there is no data dependency between
units at any one time step, they can process the data in a
depth-asynchronous fashion, maximising parallelism. This
results in a significant speed-up and reduced latency. The
efficiency of the whole network depends only on the worst-
case efficiency of an individual Skip-Sideways unit.

To the best of our knowledge, Skip-Sideways is the first
alternative to backpropagation, more biologically plausible,
that is successfully used to train video models at scale.

2. Related Work

Pipelined training. We are inspired by recent works on
pipelining during inference [ 1 1] and training [26, 38]. In par-
ticular, Sideways [38] derives approximate backpropagation
rules by taking advantage of the smoothness of the input sig-
nal. Even though the authors show that training is possible
even with the mismatch between gradients and activations,
their method is unable to learn about scene dynamics during
training and inference, and has not yet been demonstrated
outside of small-scale settings. GPipe [20] is another train-
ing procedure that does exact backprop by splitting batches
into micro-batches, allowing more efficient training. How-
ever, it maintains a ‘bubble’ to ensure gradient correctness
(Figure 2 in [26]), hence it cannot use all the hardware re-
sources in parallel, it needs to store activations, still blocks
input frames, and due to the ‘bubble’ the performance is not
the same across all frames in the sequence.
Shortcut connections. Skip connections have become ubiqg-
uitous design elements in modern neural networks [8, 9, 20,
, 25,45, 51, 53]. These modules were originally intro-
duced to improve training dynamics, by allowing layers to
learn residual representations w.r.t. their preceding layers.
This alleviates the modelling burden and results in better
propagation of gradients to shallower layers through short-
cut connections. Here, the skip connections do not only
shortcut between layers along depth, but also along time, by
sending activations forward in time [1 1, 36]. In this way, we
can turn frame-based models into spatio-temporal ones.
Alternatives to backpropagation (BP). Even though BP
is the most commonly used method for training neural net-
works, multiple works have shown its limitations. BP’s
biological plausibility is questionable [5, 6, 30, 35], as the
chain rule blocks computations during the forward and back-
ward passes and uses symmetric weights in both passes [41]

— this operating regime is unlikely to exist in biological sys-
tems. Moreover, this also results in high-latency and low
throughput in training and deployment of temporal mod-
els [11, 38], as it unnecessarily couples consecutive layers of
the neural network architecture, limiting model parallelism
and increasing both memory and energy consumption.

Various decoupling strategies [, 2, 3, 4, 11, 14, 15, 27,

, 38,41, 42] deal with some shortcomings of BP, but are
often applied to visually simpler domains, or static images,
or require extra buffers, or investigate solely a biological
aspect. Here, we are interested in decoupling rules that work
well at scale and are applicable to temporally smooth input
signals such as videos, that have slowly varying features [62].

Spatio-temporal models. Spatio-temporal convolutional
neural networks (3D CNNs) [12, 18, 52, 55, 63] have be-
come popular recently, mostly due to their performance.
However, since they process the whole sequence at once,
they are unsuitable for real-time applications and are ex-
pensive for representing longer videos, as their memory
footprint and training latency grow with the length of the
sequence when trained with BP. Recurrent neural networks
(RNN) [16, 24, 34] aggregate information over time and
are more suitable for online and causal settings. How-
ever, the same memory and latency problems encountered
when training 3D CNNs with BP are also present here as
RNNSs require costly backprop-through-time (BPTT) for
training [47, 57, 59]. BPTT scales linearly with the length of
the input signal and requires propagation of information for-
ward and backward in time. Likewise, causal 3D CNNs[43]
still uses costly BP training that has to be done offline. In
our work, we investigate the setting where: (1) models learn
in real-time, (2) with a direct access only to present data
frame, (3) the information (activations, gradients) is sent
only forward in time, (4) the training latency is low, and (5)
we can distribute and parallelize computations.

Recent works [5, 11, 22, 38] model temporal connec-
tivities between modules by connecting consecutive layers
at different time steps. Such a structure has implications
on learning representation [5, 22] and efficiency [ 1, 38]
as it allows depth-parallel computations of activations and
pseudo-gradients. Our work belongs to the latter category
and we leave learning representation as a future direction.
Forward propagation in time. Regular training of tempo-
ral models with BP or BPTT suffers from the timing prob-
lem. The common assumption is that the computation of
activations and gradients and their propagation are instan-
taneous [0, 38] — this is not physically possible. Real Time
Recurrent Learning (RTRL) [39, 40, 61] and Sideways [38]
attempt to mitigate this issue. RTRL computes correct gra-
dients in the forward mode. However, this approach scales
poorly for larger input signals as it requires costly high-rank
tensor computations. Sideways and our Skip-Sideways, on
the other hand, use approximate gradients in the derivations.
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3. Background

This section formalizes the learning problem and briefly
describes Sideways [38] — the method upon which we build.
Notation. We use the same notation as [38]. We denote input
temporal sequences by x = (2! | 2!l € R? and outputs
by y = (y)E,, y¥ € R%. To compute Jacobians we use

the following notation. Let 8‘25’i - (hi—1,60;) = %

h=h
be the Jacobian tensor of H (h, §) with respect to the variable

h evaluated at h = h, @ = 0. Note that, we use bold fonts to
distinguish between formal and actual values of the variables.
We present complete notation in the supplementary material.
Real-time learning. We are mostly interested in efficient,
low-latency training, suitable for real-time applications.
Therefore, we propose the following real-time constraints
on our learning problem. We assume that the model has
no direct access to future data, i.e. causal setting, and
has limited direct access to its past inputs. That is, at
time-step ¢ the learning problem is just as a function of
{(2lt=F ylt=F)) . (2 y[1)}. In this work, we only in-
vestigate the case with k¥ = 0. Moreover, training needs
to also scale gracefully to longer sequences, so ideally the
memory consumption is independent of the inputs sequence
length, and the training does not block computations allow-
ing processing the stream of input data at sufficiently high
frame-rate without dropping or buffering input frames. In our
case, we use 25fps, which is common in video modelling.

Reverse and forward automatic differentiation. BP im-
plements reverse mode for gradient calculation. This
allows for efficient gradient calculations by keeping all
the tensors low-rank. More precisely, in the reverse
mode, we always combine low-rank gradients with higher-
rank Jacobian tensors yielding low-rank outputs. That

is, if Vp,l € R" and agfll(hl_lﬂl) IS R"Q, we have

Vi, l% (hi—1,0;) € R™ as opposed to the forward mode

S (hy_1,00) 255 (hy, 0141) € R™ implemented by
RTRL [61]. The downside of BP is that it has to store in mem-
ory the activations over time until the gradients/Jacobians
can be computed.

Sideways alters the chain rule of regular BP. It does so by
taking into account the passage of time to evaluate indi-
vidual components of the chain rule at different time steps.
The easiest way to think about it is through the compo-
sition of two functions. BP assumes the whole process
is instantaneous and, in practice, it blocks computations.
Therefore, if F = G o H(z[1), we have 2L (z!V)

%9 (H(2M)) - 92 ([1]). In this way BP combines Jacobians
of the same input frame. In contrast, Sideways [38] avoids
blocking computations by combining Jacobians of different
input frames and computing approximate gradients; we will
refer to these approximate gradients as pseudo-gradients in
the following. For the composition above, Sideways com-

putes 2 (z[1) = 29 (7 (2M)). 91 (£2]), 50 that two inputs
can be processed at the same time, and it approximates BP
if ! ~ x[?. Figure 1 (left) illustrates the idea. Note
that since there are no vertical arrows to introduce depen-
dencies, all the layers of the network can be executed in
parallel using an appropriate distributed hardware setting.
The error introduced by this scheme is difficult to formally
quantify. Sideways relies on the fact that the input sequences
are smooth and are sampled with a sufficiently high frame-
rate, which was empirically shown to hold for real videos

and hence validating Sideways. We assume the same here.

4. Skip-Sideways

Single-frame (2D) CNNs do not have access to motion
information other than perhaps through motion blur or se-
mantics. The same holds for Sideways'. This narrow tem-
poral receptive field motivates us to extend Sideways by
introducing shortcut connections. Figures 1 and 2 illustrate
the difference between Sideways and Skip-Sideways. We can
see that due to the temporal aggregation happening in the for-
ward propagation of both activations and pseudo-gradients
through the shortcut connections, individual units have indi-
rect access to more frames. Moreover, their receptive fields
increase linearly with the depth of the network, similarly
to 3D CNNs with stride 1 [12, 28, 54, 55]. We formalise
the forward propagation of activations and pseudo-gradients
with shortcut connections in the next paragraphs.
Forward-propagation of activations (FA). Skip-Sideways
has two types of connections: direct connections, similar
to Sideways depicted in Figure 2 with solid arrows, and
shortcut connections shown in Figure 2 right, with dotted
arrows. In this setting, one unit can receive information from
several shallower units, e.g., to pool activations from two
units, following formula is used:

W =nl" e rhl) (1)

where @ is a fusion operator (either addition or concate-
nation), and 7 denotes the operation to match dimensions
between h;_; € R%-1 and h;_y € R%-2, e.g., max-pool or
tile. We can also extend the notation above to £ units, i.e.,

W=nern e e hl)

where 72 = To7 and o is composition. For the sake of clarity,
we keep our discussion constrained to two blocks only. Note
that Sideways uses a special case when 'yl[t] = hyjll].

The choice of fusion operator & in Equation [ subtly in-
fluences the training behaviour. Both addition and concatena-

tion are used in the literature, e.g., addition in ResNets [21],

Note that, due to Sideways connectivity, the model does combine some
information from different frames by using Jacobians originating in different
frames within one training iteration (see Figure | left). However, this is a
weak form of integration and it happens only during the backprop phase.
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Figure 1: Sideways (left) and our Skip-Sideways (right) unrolled over computation steps. The coloured squares indicate data
frames. Circles indicate neural modules inside Sideways or Skip-Sideways units. We exemplify a fragment that corresponds
to the forward pass from !} (dotted arrows) along with the backward pass (solid arrows). In Skip-Sideways, green arrows
illustrate that the information is sent to different units in the next computation step. Red arrows illustrate how information
is integrated from different units in the previous computation step. Empty circles indicate units outside of the exemplified
fragment. Circles with a single colour indicate where the information has originated from. Circles with multiple colours
indicate how the information is combined together in the backward pass (we only exemplify a few such units). Individual
colours of these multi-coloured circles indicate where the information has originated from. For instance, combining ‘blue
gradient’ with ‘yellow activations’ yields ‘blue-yellow gradient’ (6th computation step and second-last unit). Circles with the
red border show the temporal receptive field of the top unit during the forward pass in Skip-Sideways. Best viewed in color.

and concatenation in U-NET [48]. Addition is a commuta-
tive operation which might prevent the network from differ-
entiating between activations coming from direct or shortcut
connections. Concatenation, on the other hand, does not
suffer from this ambiguity and allows the network to learn
appropriate weights to aggregate the information coming
from direct and shortcut connections, respectively. Note also
that concatenation is well suited to pool over units with differ-
ent numbers of channels as h; Dh; € R% é R o Ri+dk
and therefore we do not need to perform extra operations
to match the channel dimension; this comes however with
an increase in the number of model parameters. We report
experiments and ablations for both fusion options.
Forward propagation of pseudo-gradients. To account
for the aggregation of activations through schortcut connec-
tions, we distribute pseudo-gradients using shortcut connec-
tions that mirror their counterparts. Figure 2 shows that a
single Sideways unit (red circle in the left figure) takes activa-
tions hg:l] and pseudo-gradient %f_ll as inputs, combines
them, and outputs new activations hl[t] and pseudo-gradients
6?71l that are next sent towards the future computation steps
upwards and downwards, respectively.

In Skip-Sideways (Figure 2, right), we integrate activa-

tions from direct and shortcut connections, hg:l] , Thy_;”

together with pseudo-gradients 6’;;11 and %Zﬁlll . Next, the
neural unit processes such information and redistributes acti-

vations through direct and shortcut connections, hl[t] and
Thgt], together with the corresponding pseudo-gradients,

Vi land Vi, L.
Using total derivative, we can write formally the forward
propagation of pseudo-gradients used in Skip-Sideways:

= t— =t— t—1 t—1
Vii= (Vi Vi) - S nf et ene)

_ - e
Vil = VL5 (R R 3)
Vonl = VL g2 (b R @)

Vol = (Vi i+ Vi) - Gl Y 6))

where rules 3 and 4 ‘redistribute’ the pseudo-gradients dur-
ing their forward propagation.

Note that we deliberately define shortcut connections in
the way that the approximation comes only from the tempo-
ral misalignment between pseudo-gradients and Jacobians
also present in Sideways.

S. Experiments

Tasks and datasets. We show the benefits of using the pro-
posed setting Skip-Sideways over BP and Sideways using two
tasks: action recognition and future frame prediction, and on
three datasets: HMDBS51 [31], UCF101 [50], and Kinetics-
600 (K600) [12]. In the action recognition task, a single
action, represented as a class, is present throughout an entire
video sequence, i.e., y! = yl*=1 for all ¢. In the future
frame prediction task, the ground truth output y* changes at
each time-step . All videos have frame-rate of about 25fps,
so that they satisfy our assumptions regarding smoothness
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Figure 2: Illustration of the data flow of Sideways (left) and Skip-Sideways (right). The red circle in the center represents
a single unit. It takes activations and pseudo-gradients from the previous step as inputs, processes them, and sends new

activations and pseudo-gradients to the next computation step.

and slowly varying features. HMDBS51 and UCF101 are
used in Sideways, so for comparison, we use these same
datasets in our ablation studies. To showcase our method
Skip-Sideways in large-scale settings, we use Kinetics-600
dataset. We use resolutions 112 x 112 and 224 x 224 and
train on 64 frames for HMDBS51, UCF101, and on 32 frames
for K600, with standard input augmentation [12].

As we are interested in an alternative to BP that is more
scalable and suitable for video modeling, we train all the
models from scratch; using features pre-trained with stan-
dard BP would defeat the goal of the study. Better results
are reported in the literature, but those works use non-causal
settings, or use extra features such as flow, extra modali-
ties, different backbones, or various pre-training techniques.
These directions are orthogonal to our work, where we in-
vestigate alternatives to BP on temporal sequences, in the
real-time setting, with no access to future frames.
Distributed setup. For our experiments, we use a dis-
tributed hardware with 8 devices, and we split the network
modules among these available devices. As visual back-
bones in Sideways, Skip-Sideways, and in baselines trained
with standard BP, we use VGGS8 [49] for the HMDB51 and
UCF101 experiments to have direct comparison with Side-
ways, and a deeper VGG16 for the Kinetics-600 (K600)
experiments. VGGS, having 8 modules, runs as a fully-
parallel model when distributed on our hardware, whereas
for VGG16, we assign pairs of consecutive modules to every
device. The computation for the modules on the same device
happens in sequence using regular BP, and the Skip-Sideways
direct and shortcuts connections are applied between devices.
We provide more details about the experimental setting in
the supplementary material.

Baselines. We have implemented multiple baselines for our
experiments. First, we re-implemented causal 3D VGG16

based on [43]. This baseline is close to our Skip-Sideways as
it does not see future frames and it is capable of extracting
temporal features. However, it is trained with regular BP.

As results for Sideways on large-scale datasets like
Kinetics-600 are not reported in the literature, we have re-
implemented Sideways. We have obtained slightly better
results than those reported in the original paper [38]. We
include the results from our implementation throughout this
section.

For comparison with existing works in terms of hard-
ware efficiency, we also implemented a video model using
GPipe-style training [26]. We provide the details of the
implementation in the supplementary material.

For the reconstruction task, we use a simple 16-layer
deep convolutional model, without pooling or striding, hence
maintaining full-resolution throughout the depth of the
model; we denote this model as Full-Res. We depart from
the traditional encoder-decoder design for two main rea-
sons. First, we hypothesize that preserving higher spatial
resolution is important for a dense prediction task like re-
construction. Second, and more interesting in the context
of our work, even though typically such a design decision
would lead to prohibitively expensive (memory- or speed-
wise) training, we can readily afford to train such models
by distributing Skip-Sideways units to different devices, us-
ing the distributed hardware efficiently. We include further
details of the architecture in the supplementary material.

5.1. Results

Skip-Sideways vs Sideways. Table 1 shows our main results
comparing our proposed Skip-Sideways to Sideways [38].
Skip-Sideways significantly improves over Sideways, about
4, 2, and 6 per cent points (pp) respectively, showing the
benefit of the temporal integration of information.
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HMDB51 UCF101 K600

Sideways [38]  27.3 62.5 55.7

Skip-Sideways 31.4 64.5 61.8
Table 1: Skip-Sideways vs Sideways [38] on HMDBS5I1,

UCF101, and Kinetics-600 (K600); resolution 112 x 112.
We use VGG8 for HMDBS51 and UCF101, and VGG16 for
K600. We report accuracy in %. Skip-Sideways uses con-
catenation as aggregation operator.

Ablation Fusion HMDB51 UCF101
Sideways [38] - 27.3 62.5
Skip-Sideways add 29.6 62.8
Skip-Sideways concat 314 64.5
FA-Skip-Sideways concat  29.7 61.9

Table 2: Ablations on HMDBS51, UCF101; resolution 112 x
112. We use VGG8 for HMDBS51 and UCF101. We use
addition (add) or concatenation (concat) operator to integrate
activations. We report accuracy in %.

Ablation HMDBS51 UCF101
reg. wide | reg. wide

Sideways [38] | 27.3 27.8 | 62.5 64.6

Skip-Sideways | 314 315 | 645 66.0

Table 3: Regular vs. wide models trained with Sideways
or Skip-Sideways. Wide Sideways has the same number
of parameters as Skip-Sideways. Accuracy of the latter is
superior (27.8 vs 31.4). We report accuracy in %.

Training 256 frames
Sideways + VGG16 40
Skip-Sideways + VGG16 40

BP + 3D VGG16 -

BP + 3D VGG16 (Remat) 1

Table 4: The largest batch-size that can be fit into a single
GPU under the same setting, for different training schemes.
Fitting a batch-size 1 for 3D VGGI16 results in out-of-
memory (OOM) error. (Remat) uses rematerialization [32].

Ablations. Our ablation studies justify different design
choices used in Skip-Sideways and compare the results with
Sideways in Table 2.

As the first analysis, we investigate the effect of using
shortcut connections only in the forward pass to aggregate
activations, without distributing the pseudo-gradients as de-

tailed in Section 4. We report the results in Table 2, 4th
row, FA-Skip-Sideways. Although FA-Skip-Sideways im-
proves the results slightly over Sideways, re-distributing
the pseudo-gradients as proposed in our full Skip-Sideways
brings considerable additional improvement.

The choice of fusion operator is important, with a clear
preference towards concatenation, i.e., Skip-Sideways with
concatenation outperforms the Sideways baseline by about 4
and 2 per cent points (pp), respectively, and on K600 by 6
pp (see Table 1).

To rule out that the increased performance of Skip-

Sideways with concatenation is due to the larger number
of parameters rather than the temporal integration of infor-
mation, we run experiments with wider VGG8, so that this
wider VGGS8 and Skip-Sideways with concatenation have
similar number of parameters. We report these results in
Table 3. For HMDBS51, we can see larger improvement by
3.6pp by adding shortcut connections than merely by adding
more parameters. The results are less clear for UCF101
where models benefit from more parameters. Nonetheless,
in both cases, training with Skip-Sideways significantly im-
proves the results over Sideways.
Stability. Similar to the original Sideways paper [38], we
study the training stability with respect to the input frame-
rate, learning rate, and the number of video cuts (‘montage’).
We have found that Skip-Sideways training is slightly more
stable than Sideways. Interestingly, lower input frame-rate
affects less the Skip-Sideways performance compared to
Sideways, which collapses when the frame rate drops. This
robustness shows the benefit of faster data paths obtained
through shortcut connections. More details on this analy-
sis are included in the supplementary material (‘Stability’),
where we also show that the method converges for lower
learning rates under reasonable smoothness assumptions.

Memory consumption. Our training scheme significantly
reduces memory consumption compared to the standard BP
training. This is because Skip-Sideways is a temporal train-
ing scheme that forward-propagates all the information (ac-
tivations and pseudo-gradients), without the need to store
activations throughout the sequence length like in BPTT.
To illustrate this behaviour, we have trained 3D VGG16
(with BP), Sideways, and Skip-Sideways, and we measured
the maximal possible batch-size on a single Quadro P5000
(16GB) in all three settings, for the same sequence length.
Table 4 shows that Sideways and Skip-Sideways training
allows for much larger batches, whereas BP training has
resulted in out-of-memory error. This result opens the door
to dealing with long videos, beyond the commonly used
2-3 second clips, or to methods that need very large batches
such as contrastive methods [13], or alternative and more
expensive architectural designs such as Full-Res. Note that
Skip-Sideways has a memory usage similar to Sideways even
though, advantageously, the former has a temporal receptive
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field growing linearly with the number of Skip-Sideways
units, whereas the Sideways’s temporal receptive field is one.
Speedup. Besides the important memory savings, another
important practical advantage of our proposed training mech-
anism is the increased speedup obtained due to model par-
allelism. Table 5 shows our results where we distribute
each Skip-Sideways unit on a different device (with 8 de-
vices in total). We compare Skip-Sideways with the regular
BP (running on a single device?®) and its distributed version,
GPipe [26], running on 8 devices. The number of steps per
second reported in Table 5 represent the number of whole
training iterations per second, including: fetching data®, for-
ward and backward passes, and weight updates. As we can
see, Skip-Sideways is almost three times faster than the reg-
ular BP training and about two times faster than GPipe. It
is also the only one that satisfies our real-time requirements
(Section 3) as it can process frames at 25fps, it is causal,
and is independent of the sequence length, being able to
scale to potentially infinite sequences. Moreover, we also
compare our model parallelism with batch parellelism (the
last two rows in Table 5), where we train the network with
total batch-size 8 distributed among eight devices. Note
that these parallelism schemes are complementary and Skip-
Sideways can also be used with batch-parallelism. In the
supplementary material we provide more results.
Skip-Sideways vs BP. In Table 6, we compare VGG16
trained with Skip-Sideways to other models trained with
BP. Since Skip-Sideways is a causal model, for fair compari-
son, we have implemented a causal equivalent of 3D VGG16
and trained it with BP. First, we can see that there is little
difference between I3D [10, 12], an established model for
action recognition, and a 3D CNN with the VGG16 back-
bone [49] that we denote as 3D VGG16 (see 1st and 2nd
rows). Hence using 3D VGG16 for action recognition is a
sensible choice. Next, we can observe that there is a signifi-
cant decrease in accuracy when transforming the 3D VGG16
into a causal one (1st and 3rd rows). Our Skip-Sideways (last
row) outperforms the causal 3D VGG16 showing that it is a
valid and competitive training mechanism, while being real-
time. We have also found that using another visual backbone
(InceptionNet) gives similar results to VGG16.

Note that the state-of-the-art results on Kinetics-600 are
about 83% [17, 44]. As mentioned above, these results are
generally obtained using various mechanisms that are orthog-
onal to our work. Here, we use standard visual backbones
and focus on alternative to BP training that satisfies real-time
requirements and is more scalable.

Future frame prediction. Future frame prediction is our
second task. Figure 3 shows results when training models

ZNote that, because of the dependencies between layers, even if we
distribute BP training on different devices, the results would be slower due
to communication overhead.

30ur asynchronous data fetching has a negligible cost.

S Devices
Skip-Sideways + VGG16 23 1
Skip-Sideways + VGG16 36 2
Skip-Sideways + VGG16 72 8
GPipe [26] + VGG16 42 8
BP + 3D VGG16 1.9 1
BP + 3D VGG16 (Remat) 1.5 1
BP + Causal 3D VGG16 24 1
BP + 13D [12] 29 1
BP + 3D VGG16 (Batch-paral.) 5.5 8
BP + I3D (Batch-paral.) 65 8

Table 5: Speed comparisons of various training strategies and
architectures in number of steps per second. Column devices
indicates the number of parallel devices used for distributed
training. All models use K600, 32 frames, resolution 224 x
224, and batch-size 8. (Remat) denotes rematerialization
[32]. The last two rows are exceptions and use batch-size 1
per device. We use space-to-depth transformation.

with Sideways, Skip-Sideways. As expected, motion is a
powerful cue to predict future video frames, and thereof our
Skip-Sideways training significantly outperforms Sideways
training in terms of L2-loss (Table 7). We can observe that
Sideways produces blurry video frames, as it is unable to
extract motion futures to reduce uncertainty over where the
pixels will be moving in future frames. On the contrary, the
predictions obtained with Skip-Sideways are much sharper.

Kinetics-600 Backbone Causal Accuracy
BP 3D VGG16 N 72.3
BP I3D [10, 12] N 71.9
BP Causal 3D VGG16 Y 64.2
Skip-Sideways VGG16 Y 67.3

Table 6: Results on Kinetics-600. We use resolution 224 x
224 and total batch-size 256 in our experiments.

Kinetics-600 L2-Error
Sideways [38]  0.107
Skip-Sideways  0.073

BP -

Table 7: Results of Full-Res on Kinetics-600, trained with
batch size 64, 112 x 112, to predict future frames at time-step
t 4 8, given the frames up to time-step . We report pixel
error as L2-norm. Training with BP in this configuration
results in out-of-memory (OOM) error.
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Sideways Ground-Truth Input

Skip-Sideways (Ours)

Figure 3: Qualitative results for two video sequences from the validation fold of Kinetics-600, where the models need to
generate the frame at step ¢ + 8 into future given frames up to ¢. From top to bottom: input frames, ground-truth output frames,
predictions of Full-Res trained with Sideways, predictions of Full-Res trained with Skip-Sideways. We can observe that the
predictions of the model trained with Sideways are blurry and semantically similar to inputs, indicating that the model lags
behind. On the contrary, the predictions of the model trained with Skip-Sideways are sharper and semantically closer to the

ground-truth output frames. We use resolution 224 x 224.

6. Conclusion

Alternatives to regular training based on backprop face
many challenges as most of the existing frameworks and
hardware systems are developed to optimise training based
on backprop. Yet, even with all the existing optimisations,
regular backprop has limitations as it does not scale up with
the sequence length. It keeps large buffers of activations
or gradients, and couples consecutive layers of the network,
which blocks model parallelism along the depth of the model.
These result in high latency systems, which may be unsuit-
able for real-time vision. In this work, we show that there
are possible alternatives to backprop that reduce coupling be-
tween layers, decrease latency, allow for depth-parallelism,
and can integrate information temporally, to obtain accuracy

comparable to standard 3D CNNs. Our work is the first to
showcase an alternative to backprop at scale and we hope
that we will inspire further research into hardware archi-
tectures and software implementations that go beyond the
standard backprop paradigm. As future work, we will inves-
tigate different architecture designs, mechanisms to augment
the proposed Skip-Sideways with long-term memory capabil-
ities [24], and investigate similar mechanisms for learning
better representations.
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