
TinyFoA: Memory Efficient Forward-Only Algorithm for On-Device Learning

Baichuan Huang, Amir Aminifar
Department of Electrical and Information Technology, Lund University, Sweden

{baichuan.huang, amir.aminifar}@eit.lth.se

Abstract
Forward-only algorithms offer a promising memory-efficient
alternative to Backpropagation (BP) for on-device train-
ing. However, state-of-the-art forward-only algorithms, e.g.,
Forward-Forward (FF), still require a substantial amount of
memory during the training process, often exceeding the lim-
its of mobile edge and Internet of Things (IoT) devices. At
the same time, existing memory-optimization techniques, e.g.,
binarizing parameters and activations, are mainly designed
for BP, hence significantly degrading the classification per-
formance when applied to state-of-the-art forward-only algo-
rithms. In this paper, we propose a memory-efficient forward-
only algorithm called TinyFoA, to reduce dynamic memory
overhead in the training process. Our TinyFoA optimizes the
memory efficiency not only by layer-wise training but also
by partially updating each layer, as well as by binarizing the
weights and the activations. We extensively evaluate our pro-
posed TinyFoA against BP and other forward-only algorithms
and demonstrate its effectiveness and superiority compared to
state-of-the-art forward-only algorithms in terms of classifica-
tion performance and training memory overhead, reducing the
memory overheads by an order of magnitude.

Code — https://github.com/whubaichuan/TinyFoA

1 Introduction
Today, the majority of the state-of-the-art Artificial Neu-
ral Networks s (ANNs)/Deep Neural Networks (DNNs)
are trained based on the Backpropagation (BP) algorithm.
However, BP is known to be computationally, memory, and
energy-hungry (Patterson et al. 2021, 2022; Niu et al. 2024;
Pau and Aymone 2023), which is often attributed to its bio-
logically implausible nature (Lillicrap et al. 2016). This is
particularly relevant in the context of Internet of Things (IoT)
and mobile devices, which are limited in terms of resources,
namely computing power, memory storage, and battery/en-
ergy budget (Shi et al. 2016; Sopic, Aminifar, and Atienza
2018; Sabry et al. 2022). In this work, we focus mainly on
memory efficiency, which is also known to be connected to
energy/power consumption (Bi, Duan, and Gniady 2010; Bi,
Chandrasekharan, and Gniady 2013; Seo 2022).

As alternatives to BP, forward-only algorithms, such as
Present the Error to Perturb the Input To modulate Activity
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Figure 1: An overview of memory overheads is presented
for (a) training between BP and TinyFoA with joint horizon-
tal and vertical layer-wise training and binary weights; (b)
sequential training steps, including forward pass, gradient
calculation, and parameter update.

(PEPITA) (Dellaferrera et al. 2022) and Forward-Forward
(FF) (Hinton 2022), are proposed (Srinivasan et al. 2023) to
replace the backward pass of BP with only forward passes.
These forward-only algorithms represent the next generation
of training schemes inspired by the learning process in the
cortex, often adopting the local learning principle without
the need to retain the entire neural network in the memory,
hence potentially more memory efficient than BP. However,
these state-of-the-art forward-only algorithms still impose
substantial training memory overhead, generally beyond the
limits of mobile edge and IoT devices.

In this paper, we propose a memory-efficient forward-only
algorithm, called TinyFoA, which reduces the dynamic train-
ing memory overheads compared to BP, as shown in Fig. 1 (a).
Fig. 1 (b) shows the breakdown of the memory overheads
into the forward pass, gradient calculation, and parameter
update. Here, BP consumes ∼48 Megabyte (MB) in forward
pass while requiring ∼96 MB in gradient calculation and
parameter update. Due to end-to-end training, the error in
BP propagates across the entire network (Srinivasan et al.
2023) and all layers update their parameters. Consequently,
BP needs to store all the layers in the aforementioned three
sequential training steps, as shown in Fig. 2 (a).

In contrast, our TinyFoA is built on joint horizontal and
vertical layer-wise training, where it focuses on training only
parts of a single layer. As such, TinyFoA only requires storing
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Figure 2: TinyFoA contains horizontal and vertical layer-wise training with binary weights and binary activations.

a single layer at any given time since only one layer updates
its parameters per iteration. Therefore, in the worst case, the
memory required depends on the layer with the maximum
size. By updating only a portion of the full-precision weights,
i.e., slice, with their corresponding gradients, the training
memory overhead is even further reduced.1

To further reduce dynamic training memory overheads,
we propose to binarize the weights and activations. Binariz-
ing the weights reduces training memory overheads by ∼32
times and the computation by ∼2 times in forward pass; Fur-
thermore, binarizing activations can accelerate the forward
pass by up to ∼64 times, leveraging 1-bit XNOR operations
combined with pop-count operations (Rastegari et al. 2016).

We compare TinyFoA against BP and three other state-of-
the-art approaches, namely, Direct Random Target Projection
(DRTP) (Frenkel, Lefebvre, and Bol 2021), PEPITA (Del-
laferrera et al. 2022), and FF (Hinton 2022). We evaluate
our proposed approach on MNIST (LeCun 1998), CIFAR-10
(Krizhevsky 2009), and CIFAR-100 (Krizhevsky 2009). In
addition, we extend our evaluation to a real-world medical
IoT application on cardiac arrhythmia classification based on
the MIT-BIH Arrhythmia Electrocardiogram (ECG) dataset
(Mark et al. 1982), where memory overheads are a major
constraint for on-device learning (Rahmani et al. 2018; Sabry
et al. 2022; Baghersalimi et al. 2023).

Our main contributions can be summarized as follows:

• We propose TinyFoA, a memory-efficient forward-only
algorithm built on joint horizontal and vertical layer-wise
training with binarization to reduce the dynamic training
memory overheads compared to end-to-end training BP.

• We extensively evaluate our proposed TinyFoA against BP

1Updating parameters utilize full-precision parameters and gra-
dient, as maintaining precision weights during the update is essential
for Stochastic Gradient Descent (SGD) to function effectively (Cour-
bariaux, Bengio, and David 2015).

and demonstrate that TinyFoA with joint horizontal and
vertical layer-wise training and binary weights reduces the
training memory overheads in the forward pass by ∼96×,
the training memory overheads in gradient calculation by
∼24×, and the training memory overheads in parameter
update by ∼12×, while maintaining a comparable classifi-
cation performance to the standard BP training algorithm,
as shown in Fig. 1. Additionally, TinyFoA outperforms
state-of-the-art forward-only algorithms including DRTP,
PEPITA, and FF.

2 TinyFoA
TinyFoA is a backpropagation-free algorithm built on joint
horizontal and vertical layer-wise training with binary
weights and binary activations, to reduce the dynamic training
memory overheads, as shown in Fig. 2.

2.1 Joint Horizontal and Vertical Training
Let us consider a DNN with L layers. The input x ∈ RDx×1

and the target y ∈ RNc×1 are considered for training the
DNN, where Dx is the size of input x and Nc is the number
of classes. The activations of the hidden layer l of the DNN
are denoted as hl, where h0 = x.

We propose joint horizontal and vertical layer-wise train-
ing, where we train only parts of a single layer, i.e., slice.
In the forward pass, for the hidden layer l, the activa-
tions hl ∈ RDl×1 is based on hl−1 ∈ RDl−1×1, weights
W l ∈ RDl×Dl−1 and biases bl ∈ RDl×1, where Dl is the
size of output of layer l and Dl−1 is the size of input to layer
l. For each hl, an auxiliary classifier with the fixed random
matrix Bl ∈ RNc×Dl is employed to project the hl ∈ RDl×1

to the output logits al ∈ RNc×1, i.e., al = Blhl. Next, the
logits al are used to calculate the local cross-entropy loss
and its gradient δal ∈ RNc×1.

In gradient calculation, we divide the input activation
hl−1 ∈ RDl−1×1 and the output activation hl ∈ RDl×1
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into M slices, respectively. The sliced input activations are
denoted as h

(i)
l−1 ∈ R

Dl−1
M ×1 and the sliced output activa-

tions are denoted as h
(j)
l ∈ R

Dl
M ×1, where i = 1, 2, ...,M

and j = 1, 2, ...,M . As such, the weights are divided into

M2 slices, namely, W (i,j)
l ∈ R

Dl×Dl−1

M2 . Only the partial
gradients δW (i,j)

l are calculated, to reduce the training mem-
ory overheads in gradient calculation. Similarly, in parameter
update, only the partial slice of weights is trained iteratively,
to reduce the training memory by a factor of M2.2

TinyFoA, with joint horizontal and vertical layer-wise
training, is formulated as follows:

Forward: hl = σl(zl) = σl(W lhl−1 + bl), (1)

Gradient: δW
(i,j)
l = δh

(j)
l ⊙ 1

z
(j)
l >0

⊗ (h
(i)
l−1)

T , (2)

Update: W
(i,j)
l = W

(i,j)
l − ηδW

(i,j)
l , (3)

where zl ∈ RDl×1 is logits and σl is the activation function
for the layer l. δh(j)

l = (B
(j)
l )T δal = (B

(j)
l )T (pl − y),

where B
(j)
l ∈ RNc×

Dl
M and pl ∈ RNc×1 is the probability

distribution vector of al by Softmax activation function. The
derivative 1

z
(j)
l >0

is the gradient of σl(z
(j)
l ), meaning that

if z(j)
l > 0 then output 1; otherwise, output 0. The operator

⊙ is the Hadamard product and ⊗ is the Kronecker Product.
Finally, η is the learning rate.

2.2 Binary Network
To reduce the training memory even further, we continue to
binarize the weights. For the hidden layer l, the activations
hl ∈ RDl×1 is based on binary weights W b

l ∈ RDl×Dl−1 .
The binary forward pass is as follows:

hl = σl(W
b
lhl−1 + bl). (4)

In the architecture of TinyFoA, e.g., Fully Connected Net-
work (FC) and LC, the weights, require substantially more
memory than the intermediate activations. Therefore, the bi-
nary forward pass reduces the training memory overheads
by ∼32 times in the forward pass. We obtain the binarized
weights as follows: W b

l =
1
n

∑n
i=1 |W

i
l| ·Sign(W l) (Raste-

gari et al. 2016). Notably, when the weights are binarized, the
related computation can be estimated by only addition and
subtraction (without multiplication) (Rastegari et al. 2016),
resulting in ∼2 times speed up because multipliers are the
most space and power-hungry components of the digital im-
plementation of neural networks (Courbariaux, Bengio, and
David 2015). Moreover, the activation is also binarized in
a similar fashion. This allows us to perform the computa-
tion with 1-bit XNOR operations combined with pop-count
operations, achieving 64× less computational overheads.

To obtain the gradient δW (i,j)
l , we further modify the

gradient δW b,(i,j)
l , by preserving the gradient information

2For Locally Connected Network (LC), the number of kernel
is divided into M slices, incurring M times the training memory
overheads saved.

and canceling the gradient when W
(i,j)
l is too large to avoid

performance degradation (Hubara et al. 2016). The gradient
δW

(i,j)
l is formulated as follows:

δW
(i,j)
l = δW

b,(i,j)
l ⊙ 1|W (i,j)

l |≤1
(5)

= δh
(j)
l ⊙ 1

z
(j)
l >0

⊗ (h
b,(i)
l−1 )

T ⊙ 1|W (i,j)
l |≤1

,

where δh
(j)
l = (B

(j)
l )T (pl − y) ⊙ 1|h(j)

l |≤1
; 1|h(j)

l |≤1
= 1

if |h(j)
l | ≤ 1 and 1|h(j)

l |≤1
= 0 otherwise. Moreover,

1|W (i,j)
l |≤1

outputs 1 if |W (i,j)
l | ≤ 1; otherwise 1|W (i,j)

l |≤1

outputs 0. Note that only W
(i,j)
l and b

(j)
l are trainable.

2.3 Motivation and Biological Plausibility
TinyFoA focuses primarily on FC and LC (i.e., Convolu-
tional Neural Network (CNN) without weight sharing), since
weight sharing in CNN is not biologically plausible (Pogodin
et al. 2021). In the biologically plausible architecture, e.g.,
FC and LC, the parameters, partially the weights, consume
substantially more memory than the intermediate activations.
This finding contrasts with CNN-based networks trained with
BP (such as MobileNetV2 (Sandler et al. 2018) and ResNet-
50 (He et al. 2016)), where activation memory is the primary
bottleneck (Cai et al. 2020).

To address this issue, we propose TinyFoA, built on joint
horizontal and vertical layer-wise training, where it focuses
on training only parts of a single layer, without weight sharing
at the architecture level. Although memory-reducing binariz-
ing techniques incorporated in DNN training exist in the liter-
ature (Courbariaux, Bengio, and David 2015; Rastegari et al.
2016; Hubara et al. 2016), these techniques are mainly de-
signed for the BP training scheme and have not been verified
on forward-only algorithms—binarizing activations result in
greater loss of classification performance (as presented in
Section 4) and significantly higher error (as illustrated in Fig.
3) for PEPITA and FF compared to TinyFoA.

TinyFoA considers the biologically implausible issues of
weight transport (Burbank and Kreiman 2012) in the standard
pass, non-locality (Whittington and Bogacz 2019), update
locking (Jaderberg et al. 2017), and frozen activities (Liao,
Leibo, and Poggio 2016) that BP, PEPITA, and FF have not
completely solved. TinyFoA avoids weight symmetry in the
standard pass by the fixed random matrix in horizontal layer-
wise training. TinyFoA performs the training strictly locally
by introducing an auxiliary classifier in horizontal layer-wise
training, without the need for the information from the top
to the bottom layers. Additionally, TinyFoA does not suffer
from the issues of update locking and frozen activities be-
cause the weight update in TinyFoA does not need to wait
for all the dependent layers in the forward pass to complete
execution, without storing the intermediate activations. This
is not only among the layers but also within one single layer,
thanks to the vertical layer-wise training, which is a unique
property among the forward-only learning techniques. Con-
cretely, TinyFoA only trains parts of a single layer based on
δh

(j)
l , which is directly mapped from δal by B

(j)
l without
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Setting Benchmark MNIST CIFAR-10 CIFAR-100 MIT-BIH Forward Gradient Update Comp

Baseline

DRTP 4.50±0.03 52.01±0.13 79.86±0.13 12.99±0.18 48.06 48.03 96.06 96.0
PEPITA 5.02±0.06 52.09±0.09 78.91±0.18 19.57±0.18 32.04 16.02 32.01 96.0†

FF 1.46±0.07 47.38±0.25 85.76±0.18 10.86±0.25 16.04 16.04 32.01 96.0∗
TinyFoA-V-BA-BW 1.62±0.08 45.12±0.12 74.57±0.51 9.77±0.49 16.02 16.02 32.01 96.0

BP 1.33±0.04 43.62±0.33 72.22±0.43 8.25±0.46 48.06 96.06 96.06 96.0

+ Binary Weights

DRTP+BW 6.43±0.09 53.23±0.14 85.72±0.41 24.02±0.26 1.56 48.03 96.06 48.0
PEPITA+BW 6.39±0.15 53.86±0.16 80.31±0.06 24.69±0.29 1.04 16.02 32.01 48.0†

FF+BW 3.13±0.05 53.47±0.14 93.13±0.19 12.11±0.48 0.54 16.04 32.01 48.0∗
TinyFoA-V-BA 1.84±0.02 46.07±0.24 74.33±0.17 9.88±0.86 0.52 16.02 32.01 48.0

BP+BW 1.45±0.03 44.66±0.31 71.88±0.06 8.34±0.11 1.56 49.56 96.06 48.0
DRTP+BW+BA 39.49±7.60 69.61±1.19 97.06±0.30 43.22±7.25 1.53 48.00 96.06 1.5

PEPITA+BW+BA 89.94±0.24 90.00±0.00 99.00±0.00 32.14±0.92 1.02 16.00 32.01 1.5†
+ Binary Activations FF+BW+BA 90.47±0.48 90.00±0.00 98.97±0.05 70.17±1.38 0.51 16.00 32.01 1.5∗

TinyFoA-V 2.06±0.03 50.32±0.24 81.30±0.42 12.01±0.26 0.50 16.00 32.01 1.5
BP+BW+BA 3.11±0.03 54.44±1.32 83.02±0.51 11.63±0.02 1.53 49.53 96.06 1.5

+ Vertical Training TinyFoA 2.10±0.09 50.38±0.17 80.08±0.15 11.69±0.69 0.50 4.01 8.00 1.5
BP+BW+BA+V 2.95±0.14 51.32±0.07 80.79±0.16 11.49±0.34 1.53 12.41 24.03 1.5

Table 1: Error (%) of classification performance and the dynamic training memory overheads as well as computation (Comp). The
unit for memory and computation is MB. Forward represents the forward pass; Gradient represents gradient calculation; Update
represents parameter update. H and V stand for horizontal and vertical layer-wise training, respectively. BW is binary weights
and BA is binary activations. † means the normalized computation for equal comparison, i.e., considering a four-hidden-layer
network for PEPITA computation. ∗ means the computation of one pass but FF (multi-pass) needs Nc times passes.

locking, hence without the need to utilize all the related ac-
tivations, instead, only the partial activations, for instance,
only h

(j)
l and h

(i)
l−1 from Equation (2).

3 Experimental Setup
To evaluate our proposed TinyFoA, we use several datasets:
the MNIST dataset of handwritten digits (LeCun 1998), the
CIFAR-10 dataset of object recognition (Krizhevsky 2009),
and the CIFAR-100 dataset of object recognition (Krizhevsky
2009). Additionally, we extend our evaluation to a real-world
medical IoT application, where memory overheads are a
major constraint for on-device learning (Huang, Abtahi, and
Aminifar 2023; Aminifar et al. 2024; Huang, Abtahi, and
Aminifar 2024), specifically, cardiac arrhythmia classification
based on the MIT-BIH Arrhythmia ECG Dataset (Mark et al.
1982).

For the dynamic training memory in Random-Access
Memory (RAM), we focus on layer activations, DNN pa-
rameters (weights and biases), and their corresponding gra-
dients, excluding scratch buffers to maintain a general anal-
ysis, because scratch buffer usage varies with the low-level
implementation of the workload (Pau and Aymone 2023).
Additionally, since PyTorch does not support explicit fine-
grained memory management, we rely on the theoretically
calculated training memory overheads for comparison in our
experiments similar to (Cai et al. 2020). Moreover, our analy-
sis emphasizes fine-grained individual training memory for
forward pass, gradient calculation, and parameter update,
rather than the peak RAM usage, for dynamically managed
RAM usage. For measuring computation, we consider the
metric–#Floating Point Operations (FLOPs)×Bytes–in the

inference phase.
Our experiments utilize balanced datasets, with classifica-

tion performance assessed using error, i.e., the total number
of incorrectly classified inputs divided by the total number
of inputs. The mean error with the standard deviation is aver-
aged over three independent runs. A three-hidden-layer net-
work is considered for PEPIAT (because PEPITA with deeper
networks exhibits a decrease in performance (Pau and Ay-
mone 2023; Srinivasan et al. 2023)) and a four-hidden-layer
for other algorithms. All these algorithms undergo training
on a server equipped with 2 × 16-core Intel (R) Xeon (R)
Gold 6226R (Skylake) Central Processing Units (CPUs) and
1 NVIDIA Tesla T4 Graphics Processing Card (GPU).

4 Results
In this section, we evaluate TinyFoA in terms of classification
performance and dynamic training memory overheads, com-
pared to BP (Rumelhart, Hinton, and Williams 1986), DRTP
(Frenkel, Lefebvre, and Bol 2021), PEPITA (Dellaferrera
et al. 2022), and FF (Hinton 2022).

4.1 Fully Connected Without Weight Sharing
In this section, we extensively evaluate TinyFoA and compare
TinyFoA with BP and other forward-only algorithms in the
sequential forward pass, gradient calculation, and parameter
update. Table 1 reports the classification performance in error
metric, the dynamic training memory overheads, and the
computation in inference of TinyFoA, compared to DRTP,
PEPITA, FF, and BP.

First, in the baseline setting, we compare TinyFoA-V-BA-
BW (i.e., TinyFoA without the vertical training, without bi-
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nary activations, and without binary weights) with DRTP,
PEPITA, FF, and BP. DRTP has substantially higher dy-
namic training memory overheads and a considerably higher
error compared to TinyFoA-V-BA-BW. PEPITA achieves
comparable training memory overheads in gradient calcu-
lation and parameter update compared to TinyFoA-V-BA-
BW, but it shows degradation in classification performance
and higher training memory overheads in the forward pass.
Similarly, FF attains comparable dynamic training memory
overheads to TinyFoA-V-BA-BW, but also has a higher error
compared to TinyFoA-V-BA-BW, except for MNIST. Finally,
BP achieves the lowest error among the baseline algorithms
in four datasets; however, BP occupies ∼3 times, ∼6 times,
and ∼3 times higher memory than TinyFoA-V-BA-BW in
the forward pass, gradient calculation, and parameter update,
respectively.

Second, let us consider binary weights for TinyFoA
(i.e., TinyFoA-V-BA). We also binarize the weights for
BP, and for other forward-only algorithms, i.e., DRTP+BW,
PEPITA+BW, FF+BW. All of these algorithms reduce the
dynamic training memory by ∼32 times in the forward pass;
BP+BW also reduces the dynamic training memory by ∼1.9
times in the step of gradient calculation, because the gradient
in BP is based on error backpropagation by the symmet-
ric weights. DRTP+BW has substantially higher dynamic
training memory overheads and a considerably higher error
compared to TinyFoA-V-BA. FF+BW has comparable dy-
namic training memory overheads but higher error compared
to TinyFoA-V-BA. PEPITA+BW also shows a degradation
in classification performance compared to TinyFoA-V-BA.
BP+BW achieves the lowest error among these algorithms in
four datasets; however, BP+BW still occupies ∼3 times, ∼3
times, and ∼3 times higher memory than TinyFoA-V-BA in
the sequential training steps.

Third, we continue to binarize the activations, i.e.,
TinyFoA-V. We also binarize the weights and activa-
tions for BP, and for other forward-only algorithms, i.e.,
DRTP+BW+BA, PEPITA+BW+BA, FF+BW+BA. Because
of the FC architectures, i.e., where weights occupy greatly
more memory overheads than the corresponding activations,
the dynamic training memory overheads will almost be kept
but with a ∼64 times computation speed up, because the
computation can now be performed using 1-bit XNOR oper-
ations combined with pop-count operations (Rastegari et al.
2016). The computation in inference for all algorithms is
reduced by ∼64 times. Moreover, with binary weights and
activations simultaneously, all of these algorithms experi-
ence degradation in classification performance; the forward-
only algorithms, such as DRTP+BW+BA, PEPITA+BW+BA,
and FF+BW+BA, have a significantly worse degradation
when compared to TinyFoA-V. Taking MNIST as an ex-
ample, when we consider binary activations, the error of
DRTP+BW+BA increases from 6.43% to 39.49%; the error
of PEPITA+BW+BA increases from 6.39% to 89.94%; the er-
ror of FF+BW+BA increases from 3.13% to 90.47%. On the
contrary, TinyFoA only experiences a slight increase in the
error, i.e., from 1.84% to 2.06%, while BP+BW+BA achieves
an error of 3.11%. Overall, TinyFoA-V stands out among
the state-of-the-art forward-only algorithms when binarizing

Figure 3: The error and training memory comparison
between TinyFoA and BP+BW+BA, DRTP+BW+BA,
PEPITA+BW+BA, and FF+BW+BA on MNIST. TinyFoA
occupies the smallest area.

both weights and activations.
Finally, we further consider the vertical layer-wise training

in TinyFoA and introduce it also to BP (i.e., BP+BW+BA+V)
and conduct the comparison, where the default slice M is
set to 2. The dynamic training memory of gradient calcu-
lation and update parameters is reduced by ∼4 times for
TinyFoA and BP+BW+BA+V. Moreover, TinyFoA not only
demonstrates less training memory overheads in the sequen-
tial training steps but also achieves on par performance with
BP+BW+BA+V on all four datasets.

Fig. 3 summarizes the results and shows that TinyFoA
occupies the smallest area compared to BP and other forward-
only algorithms on MNIST. These results demonstrate the
effectiveness of TinyFoA among the state-of-the-art forward-
only algorithms and BP.

4.2 Ablation Study
In this section, we first investigate the individual effect of
our proposed schemes including horizontal and vertical layer-
wise training, binary weights, and binary activations. Then,
we extend our proposed TinyFoA to LC architectures and
compare TinyFoA against BP. Next, we investigate the effects
of different slice sizes M for on-device learning and the effect
of reducing the number of exchanging data in horizontal and
vertical layer-wise training.

Individual Schemes We present the error with individual
schemes for DRTP, PEPITA, FF, TinyFoA, and BP in FC,
as shown in Table 2. When compared to the baseline from
Table 1, considering only binary weights (e.g., TinyFoA-V-
BA) results in a higher error for all the algorithms on MNIST,
CIFAR-10, and MIT-BIH datasets, and reduces the dynamic
training memory by ∼32 times in the forward pass. Moreover,
considering only binary activations (TinyFoA-V-BW) leads
to a higher error for all the algorithms on four datasets, but
reduces the computation in inference by a factor of 2. Finally,
considering only vertical layer-wise training (TinyFoA-BW-
BA) results in a comparable error to the BP (i.e., BP+V)
and reduces the dynamic training memory by ∼4 times in
gradient calculation and parameter update compared to the
baseline.
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Setting Benchmark MNIST CIFAR-10 CIFAR-100 MIT-BIH Forward Gradient Update Comp

Binary Weights

DRTP+BW 6.43±0.09 53.23±0.14 85.72±0.41 24.02±0.26 1.56 48.03 96.06 48.0
PEPITA+BW 6.39±0.15 53.86±0.16 80.31±0.06 24.69±0.29 1.04 16.02 32.01 48.0†

FF+BW 3.13±0.05 53.47±0.14 93.13±0.19 12.11±0.48 0.54 16.04 32.01 48.0∗
TinyFoA-V-BA 1.84±0.02 46.07±0.24 74.33±0.17 9.88±0.86 0.52 16.02 32.01 48.0

BP+BW 1.45±0.03 44.66±0.31 71.88±0.06 8.34±0.11 1.56 49.56 96.06 48.0

Binary Activations

DRTP+BA 32.52±5.15 66.51±0.28 94.81±0.37 40.82±7.18 48.03 48.00 96.06 48.0
PEPITA+BA 89.99±0.13 90.33±0.46 99.00±0.00 79.94±0.13 32.02 16.00 32.01 48.0†

FF+BA 90.36±0.62 76.20±1.43 98.05±0.09 75.33±4.29 16.01 16.00 32.01 48.0∗
TinyFoA-V-BW 1.83±0.05 50.36±0.21 81.20±0.07 11.47±0.37 16.01 16.00 32.01 48.0

BP+BA 5.22±0.58 75.73±3.87 97.57±0.29 62.25±13.60 48.03 96.03 96.06 48.0

Vertical Training TinyFoA-BW-BA 1.64±0.06 44.77±0.06 73.83±0.45 9.86±0.42 16.02 4.02 8.00 96.0
BP+V 1.33±0.06 43.21±0.17 71.17±0.42 8.62±0.38 48.06 24.06 24.03 96.0

Table 2: Error (%) of individual schemes on the baseline and the dynamic training memory overheads as well as computation.

MNIST Forward Gradient Update

TinyFoA-V-BA-BW 1.35±0.03 2.21 2.21 3.61
TinyFoA-V-BA 1.37±0.05 0.46 2.21 3.61

TinyFoA-V 2.46±0.11 0.07 1.82 3.61
TinyFoA 2.86±0.10 0.07 0.92 1.81

BP+BW+BA+V 2.59±0.11 0.17 2.66 4.97
BP+BW+BA 2.43±0.20 0.17 5.14 9.93

BP+BW 1.37±0.06 0.71 5.67 9.93
BP 1.35±0.06 5.52 10.48 9.93

Table 3: Error (%) of classification performance and the dy-
namic memory overheads for LC.

Locally Connected Without Weight Sharing In this sec-
tion, we extend TinyFoA to LC architecture and compare
TinyFoA with BP in the sequential forward pass, gradient
calculation, and parameter update. Table 3 reports the classi-
fication error and the dynamic training memory overheads.

In the sequential training steps: (1) forward pass: TinyFoA-
V-BA reduces the training memory to 0.46 MB, while
BP+BW reduces the training memory to 0.71 MB; (2) gradi-
ent calculation: TinyFoA-V reduces the training memory to
1.82 MB and BP+BW+BA reduces the training memory to
5.14 MB; (3) parameter update: TinyFoA reduces the train-
ing memory to 1.81 MB, while BP+BW+BA+V reduces the
training memory to 4.97 MB. Overall, TinyFoA has a compa-
rable error to BP+BW+BA+V and occupies ∼2.4 times, ∼2.9
times, and ∼2.7 times less memory than BP+BW+BA+V in
the sequential training steps.

Different Slices in Vertical Layer-Wise Training We in-
crease the slices M from the default 2 to 4, 8, and 16 for
TinyFoA in FC and LC. The training memory of TinyFoA in
the step of gradient calculation and parameter update is 1

M

and 1
M2 of the training memory without vertical layer-wise

training for LC and FC, respectively. We plot the error versus
1
M , as illustrated in Fig. 4 (a) and (b). For FC, different M
results in a comparable error on MNIST and CIFAR-10. For
LC, the error will be decreased slightly if we increase the M .

On-Device Learning When M is set to 16, the training
memory overheads of FC are 0.5 MB, 0.06 MB, and 0.13
MB and the training memory overheads of LC are 0.07
MB, 0.11 MB, and 0.23 MB for forward pass, gradient
calculation, and parameter update, respectively. The Micro-
controllers (MCUs)-STM32F7 Series (STMicroelectronics
2024)-feature an ARM Cortex-M7 core, 512KB of RAM, and
up to 2MB of Flash Memory (Flash), supporting the training
of TinyFoA on the device.

Reducing The Number of Data Exchange In addition to
the training memory in RAM, the data exchange between
RAM and Flash is investigated here. We consider the num-
ber of exchanging the partial slice of weights between RAM
and Flash. The partial slice of weights is iteratively updated
in different epochs; different partial slices of weights are
updated in different epochs. Therefore, the whole training
will experience E times of data exchanges (E is the training
epochs). Instead, if we perform the data exchange every E

F
epochs, the whole training will experience only F times of
data exchanges. In this ablation study, we reduce the num-
ber of exchanging data from E to F . As shown in Fig. 5
(a) and (b), we reduce the number of exchanging data for
TinyFoA in FC and LC with F = 2, without any major loss
in classification performance on MNIST and CIFAR-10.

5 Related Work
BP (Rumelhart, Hinton, and Williams 1986) is considered
as the state-of-the-art training algorithm and includes the
standard forward pass, backward pass (gradient calculation),
and parameter update. In the forward pass, as shown in Fig.
2 (a), BP needs to store the parameters (weights and biases)
and activations from all layers; in the backward pass, BP
also needs to retain the parameters and activations from all
layers because calculating the gradients of weights requires
symmetric weights and activations from top to bottom layers;
in the parameter update, all the layers are updated, utilizing
the full-precision parameters and gradient from all layers.

Forward-only algorithms are proposed to be the biologi-
cally plausible alternatives to BP. Forward-only algorithms
reduce memory overheads by replacing the backward pass
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Figure 4: Error (%) of vertical layer-wise training with the
different number of slices for TinyFoA (The solid line is the
mean value and the shaded area is the standard deviation).

with forward passes. For instance, FA (Lillicrap et al. 2016)
and DFA (Nøkland 2016) exploit fixed random matrix to
replace the symmetric weights, thus reducing the training
memory required for storing weights in gradient calculation.
DRTP (Frenkel, Lefebvre, and Bol 2021) introduces the use
of a target proxy, without the need for storing the weights
in the step of gradient calculation. However, in the step of
parameter update, DRTP still needs to store the parameters,
the fixed random matrix, and activations from all layers be-
cause all the layers update the parameters according to the
official implementation (Frenkel 2021). Moreover, DRTP
shows significant performance degradations compared to BP.

PEPITA (Dellaferrera et al. 2022) replaces the backward
pass with a modulated forward pass, adopting a layer-wise
training manner. PEPITA eliminates the need to store the en-
tire symmetric weights, while only requiring training memory
overheads from a single layer with the maximum size in gradi-
ent calculation and parameter update (where max denotes the
maximum required memory overheads among every two con-
secutive layers). Despite this, PEPITA still needs to store all
the parameters and activations in the forward pass. Although
PEPITA-TL (Srinivasan et al. 2023) is proposed to only store
the parameter and activations from a single layer with the
maximum size in the forward pass, PEPITA-TL exhibits a ma-
jor degradation in accuracy compared to the original PEPITA
(Dellaferrera et al. 2022)—for example, the test accuracy on
MNIST is decreased to 92.78% in PEPITA-TL.

Additionally, FF (Hinton 2022), introduced by Hinton, ex-
tends the exploration of forward-only algorithms. FF (Hinton
2022) substitutes the forward and backward passes of BP
with two forward passes, performing sequential forward pass,
gradient calculation, and parameter update in a layer-wise
manner. Nevertheless, the positive samples and the negative
samples are required to be generated, i.e., requiring twice the
number of activations required in training memory.

Although plenty of memory-reducing techniques are avail-
able for DNN, such as pruning (Dong and Yang 2019), quanti-
zation (Yao et al. 2022), tensor decomposition (Novikov et al.
2015), distillation (Huang et al. 2022), and neural architecture
search (Chau et al. 2022), these methods are primarily for re-
ducing inference memory rather than training memory (Han,
Mao, and Dally 2016). Additionally, techniques specifically
aimed at reducing training memory, such as mixed-precision
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Figure 5: Error (%) of reducing the number of data exchange
for TinyFoA, where the mean value and the standard devia-
tion are also reported. E means E times of data exchanges;
F means F times of data exchange, where E is the number
of epochs and F is 2 by default.

training (Lee, Sharma, and Aiken 2023), activation data re-
computation (Gomez et al. 2017), migration (Jin et al. 2018),
compression (Choukse et al. 2020), low-rank gradient de-
scent (Huang et al. 2023), are also available. However, these
memory-reducing techniques are predominantly designed
for BP-based DNN, rather than the forward-only algorithms.
Notably, for PEPITA and FF, binary activations lead to a
significant loss in classification performance, as we show
empirically in our results in Section 4.

6 Conclusion

In this paper, we propose a memory-efficient forward-only
algorithm built on joint horizontal and vertical layer-wise
training with binarization, called TinyFoA. TinyFoA out-
performs the state-of-the-art forward-only algorithms such
as DRTP, PEPITA, and FF in terms of classification per-
formance and training memory overheads. TinyFoA with
joint horizontal and vertical layer-wise training and binary
weights reduces the training memory overheads by ∼ 96×,
∼ 24×, and ∼ 12× in the forward pass, gradient calcula-
tion, and parameter update, respectively, while maintaining
a comparable classification performance to the standard BP
training algorithm. TinyFoA is orthogonal to techniques such
as mixed-precision training (Lee, Sharma, and Aiken 2023),
activation data recomputation (Gomez et al. 2017), migration
(Jin et al. 2018), compression (Choukse et al. 2020), low-
rank gradient descent (Huang et al. 2023), and can be used
together with such techniques to further reduce the dynamic
training memory overheads.

Limitations Forward-only algorithms are still in the early
stages of development. As a result, in our current work, we
do not explore forward-only algorithms for advanced model
architectures such as Transformers (Vaswani et al. 2017)
and Large language models (LLMs) (Brown et al. 2020;
Touvron et al. 2023; Anil et al. 2023; Achiam et al. 2023).
The extension of our proposed forward-only approach to
advanced model architectures will remain as future work.
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