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ABSTRACT
Backpropagation underpins the success of artificial neu-
ral networks, yet it has critical limitations such as
backward locking and global error propagation. The
Forward-Forward algorithm has been proposed as a
more biologically plausible method that replaces the
backward pass with an additional forward pass. Nev-
ertheless, the Forward-Forward algorithm significantly
trails backpropagation in accuracy, and its optimal
form requires multiple forward passes at inference
time, resulting in low inference efficiency. In this
work, the Forward-Forward algorithm is reformulated
within a similarity-learning paradigm. The proposed
algorithm is named Forward-forward Algorithm Unified
with Similarity-based Training (FAUST). FAUST incor-
porates similarity-based objectives and, by caching esti-
mates of class centroids, achieves single-pass inference.
On matched MLP and CNN architectures, FAUST yields
improved accuracy over Forward-Forward baselines and
narrows the gap to backpropagation across MNIST,
Fashion-MNIST, and CIFAR-10. Applying FAUST on
ResNet-18 yields competitive results on ImageNette.

I. INTRODUCTION

Artificial Neural Networks (ANNs), being simplified
models of the brain, have achieved remarkable success
across a wide range of tasks. A core algorithm instru-
mental to this success is backpropagation (BP) [1]. BP
uses the chain rule to compute gradients of losses with
respect to weights, facilitating gradient-descent-based
optimization. However, BP’s reliance on global error
signals and non-local updates is not biologically plau-
sible [2]. Further, BP requires storing all intermediate
activations during training, which can be restrictive for
memory-constrained environments and parallelization.
These limitations have motivated the development of
alternative biologically inspired training algorithms that

rely on local or approximate learning signals and better
relate to biological neural networks [3], [4], [5], [6],
[7], [8], [9]. One proposed alternative is the Forward-
Forward (FF) algorithm [10]. FF eliminates the need
for the backward pass to update network parameters,
and its local update nature aligns more closely with the
principles of Hebbian learning [11] and local plasticity
[12]. Its predictive accuracy, however, is lower than
that of traditional BP. In this research, we reformulate
the core framework of FF by incorporating concepts of
similarity learning [13], leveraging an anchor-positive-
negative structure to guide local learning dynamics. Our
main contributions are as follows:

• We propose an FF-based framework that re-
places goodness-based learning with a layer-wise
similarity-based objective. Our proposed algorithm
is named Forward-Forward Algorithm Unified with
Similarity-based Training (FAUST).

• We show that FAUST’s layer-wise learning scheme
can be combined with an embedding head to im-
prove cross-layer information retention.

• FAUST involves extracting images from each class
to globally represent the class across training and
inference. We show that training with similarity-
based margin loss functions on these fixed class
representatives can be more cost-efficient and sta-
ble than on random samples. Further, caching the
embeddings of the representatives improves infer-
ence efficiency. At inference time, FAUST requires
only a single forward pass. In comparison, FF
requires C forward passes, where C is the number
of classes.

• We show that FAUST demonstrates some improve-
ments over existing BP-free benchmarks on fully
connected and convolutional architectures.

The code is available at https://github.com/rl16432/
FAUST.



II. RELATED WORK

Forward-Forward algorithm. FF, introduced as a
biologically inspired alternative to BP, has driven the de-
velopment of a variety of extensions. A key limitation of
FF is its asymmetric treatment of positive and negative
activations. To overcome this vulnerability, SymBa-FF
[14] introduces a symmetric contrastive loss function
that improves convergence speed. Other FF extensions
include predictive FF [15], which combines FF with
principles of predictive coding, and Collaborative FF
(Collab FF) [16], which enhances information flow
across layers. Recent work has also extended FF beyond
multi-layer perceptrons (MLPs) to convolutional neural
networks (CNNs) [17], [18], [19], [20], [21]. A common
challenge in CNNs is defining an appropriate layer-
wise training signal analogous to the goodness score
in FF. Existing approaches address this by redefining
goodness over convolutional feature maps. Examples
include aggregating activity across channels or spatial
locations and introducing lightweight auxiliary predic-
tion heads attached to intermediate convolutional layers
to provide local supervision. These modifications enable
FF-style training in CNN backbones while preserving
the layer-wise learning structure. Closely related to our
work are methods that reframe the FF algorithm within
a similarity-learning framework. Forward-Forward with
Contrastive Marginal Loss (FFCM) [22] adopts a con-
trastive learning strategy by applying different augmen-
tations to the same input image and training the en-
coder using a contrastive marginal loss. Self-Contrastive
Forward-Forward (SCFF) [23] constructs contrastive
pairs by concatenating identical images as positive sam-
ples and different images as negative samples, enabling
representation learning without external augmentations.
Our proposed approach falls within the same family
of methods as these works, integrating the Forward-
Forward algorithm into a similarity-learning framework.
Similarity learning. Similarity learning involves train-
ing models through similarity metrics to produce em-
beddings, such that semantically similar inputs are
closer together, and dissimilar ones are further apart.
Siamese networks with contrastive loss [24] and triplet
loss [13] have laid the foundation for this paradigm.
Triplet-based training, however, often suffers from slow
convergence. This limitation has led to the develop-
ment of full-comparison losses that leverage multiple
negatives per anchor (e.g., (N + 1)-tuplet loss [25]).
Additionally, naive implementations of the triplet and
(N + 1)-tuplet loss functions suffer from high compu-
tational complexity: training on all valid triplets has a
runtime complexity of O(M3/C), where M is the size
of the training set, and C is the number of classes. To
reduce per-batch computation cost, [26], [27], [28] have

proposed methods that approximate a representation for
each class. This informative representation attempts to
eliminate the need to compare all tuplets. We draw upon
similar ideas in our method.

III. THE FORWARD-FORWARD ALGORITHM
FF replaces BP’s back-and-forth passes with two

forward passes through each layer, one on ‘positive’ data
and one on ‘negative’ data. In FF, the first C dimensions
of the input vector are reserved for label encoding,
where C is the number of classes. For a sample from
class c, the first C elements are set to a one-hot encoded
vector with 1 at index c and 0 elsewhere. Positive data
are constructed by assigning the correct one-hot encoded
label, and negative data are constructed by assigning
incorrect one-hot encoded labels.
During training, positive and negative data are passed
through the current layer i, producing feature outputs
f pos
i and f neg

i . The ‘goodness’ score, indicating the
likelihood of the current encoding being correct, is
computed for both outputs:

Gpos
i = ||f pos

i ||2, Gneg
i = ||f neg

i ||2. (1)

The objective is to increase the goodness for positive
inputs and reduce it for negative ones. The loss function
is defined as

LFF
i =

1

2
[log(1 + eθ−Gpos

i ) + log(1 + eG
neg
i −θ)], (2)

where θ is a tunable threshold shifting the margin
between positive and negative activations. The weights
in the current layer i are updated via gradient descent,
while the outputs f pos

i and f neg
i are normalized and

forwarded as inputs to the next layer. This learning
mechanism is applied throughout the network, allowing
the model to train using only local error signals. In the
inference phase, the model evaluates all possible one-
hot encodings on an unseen input. The encoding that
results in the highest total goodness across all layers is
selected as the predicted class. A key limitation of FF
is that, at inference time, its optimal form requires C
separate forward passes, whereas traditional BP-based
models require only a single pass. [10] proposes a more
efficient FF variant that uses a single forward pass, but
this version yields lower accuracy.

IV. METHODOLOGY
In this research, we redefine the objective in the FF

algorithm to a similarity-based objective rather than the
goodness score. Instead of the traditional FF formula-
tion’s approach of feeding one-hot encoded data through
the network twice, we present the model with an anchor
image, x, a corresponding positive image belonging to
the same class as the anchor image, x+, and N − 1
negative images belonging to different classes from the



Fig. 1: Overall algorithmic architecture of FAUST.

anchor image, {x−
i }

N−1
i=1 . We then apply a (N + 1)-

tuplet loss formulation [25]

Ltup(f , f
+, {f−i }N−1

i=1 )

= log(1 +

N−1∑
i=1

exp(d(f , f+)− d(f , f−i ))), (3)

where d(a,b) is a distance function, and f = f(x) is a
transformation from the input to the embedding space.
The Euclidean distance, d(a,b) = ||a−b||2, is used as
the distance metric. We utilize (N + 1)-tuplet loss rather
than traditional triplet loss [13] for its broader scope
of comparison, simultaneously maximizing the distance
between the anchor and N − 1 negative samples. This
similarity-based loss function incentivizes the network
to produce embeddings where the anchor is closer to
the positive than the negatives. Subsequently, the loss
is calculated based on the embeddings from each layer,
and the activations are fed forward to the next layer
to be trained similarly (see Layer Set-Up in Fig. 1). L2
normalization is applied to ensure stabilized vector mag-
nitudes. Essentially, the layers are trained in a greedy
layer-wise fashion without global error propagation.

IV-A. Representatives and cache

For a batch size B, triplet loss [13] with random
sampling requires 3B forward passes per training step.
In comparison, (N + 1)-tuplet loss incurs a higher
computational cost, requiring (N + 1) × B forward
passes at each step. To mitigate this overhead, we extract
one image from each class to globally represent the
class across training and inference (see Representatives
in Fig. 1). This set of representative images is denoted
R, where |R| = C is the number of classes. Every
image within a batch of size B is taken as an anchor. A

(C + 1)-tuplet is formed comprising this anchor image
x, the corresponding positive image x+ from R, and the
remaining negative images {x−

i }
C−1
i=1 = R\{x+}. In the

current approach, class representatives are selected via
uniform random sampling as a most rudimentary means
of approximating the class centroid. These representa-
tives are fixed throughout training. At the start of each
training batch, the embeddings are computed for all the
representatives and cached as fixed reference points for
the entire batch, eliminating the need for recomputations
for each anchor (see Embedding Cache and Training
Phase in Fig. 1). This set-up requires B + C forward
passes per training batch, which is strictly less than the
3B passes required for triplet loss and maintains a linear
runtime complexity.
The use of fixed representatives simplifies the optimiza-
tion problem from minimizing the loss over all pos-
sible tuplet combinations—with variable positives and
negatives for a given anchor—to a simpler subproblem
involving only fixed positives and negatives. Sec. V-A
empirically demonstrates that the use of representatives
stabilizes optimization, yielding more consistent gradi-
ent directions and reduced training-time variability.

IV-B. Inference

Prior to inference time, each representative image is
propagated through the trained network, and its embed-
dings are cached. The model infers the class of an input
by finding the embeddings of the representative image
that is closest to the embeddings of the input across all
layers. The inferred class is defined as

ŷ(x) = argmin
c∈C

L∑
i=1

||fi(x)− f̂ri ||2, (4)



where f̂ri denotes the representative image for class c
and layer i. This inference mechanism is considerably
more efficient than that of traditional FF. FF’s optimal
form requires C separate forward passes, one for each
candidate class. By using cached embeddings, FAUST
requires only a single forward pass per test input.

IV-C. Embedding layer
In the simplest form of FAUST that does not contain

embedding layers, each layer is trained by applying a
local similarity-based objective to the activations; the
same activations are then forwarded to deeper layers.
This approach incentivizes each layer to compress away
variability that is not immediately favorable to the
current local objective, thereby potentially limiting the
information available for subsequent feature formations
in deeper layers. To overcome this limitation, we in-
troduce a lightweight embedding head that maps the
post-activation features into a lower-dimensional em-
bedding space. The local loss function is then applied
to the embeddings in the embedding space, while the
pre-embedding activations are forwarded to the next
layer. This design decouples cross-layer communication
from local layer-wise optimization (see Layer Set-Up in
Fig. 1). Concretely, the activations are computed as

gi+1 = ϕ(W i+1
1 gi), (5)

whereas the embeddings used by the loss function are

fi+1 = W i+1
2 gi+1, (6)

where W i+1
1 is the layer’s weight matrix, and W i+1

2 is a
trainable linear projection to the embedding space. Im-
portantly, fi+1 is not passed to the next layer. Sec. V-B
shows empirically that the embedding layers improve
information retention.

IV-D. Biological motivation
FAUST inherits FF’s key features for biological plau-

sibility: learning is driven by layer-wise signals and does
not require global error backpropagation through the full
network. This feature alleviates the backward-locking
constraint of BP and makes the learning rule amenable
to parallel and asynchronous layer-wise updates. Fur-
ther, since FAUST does not rely on propagating gra-
dients through a global backward pathway, it avoids
BP’s weight-transport requirement of having precisely
matched forward and feedback weights. Nevertheless,
FF and FAUST remain only biologically inspired—
both rely on constructing explicit negative examples and
supervised sampling mechanisms that do not have a
direct biological counterpart.

IV-E. Positioning with respect to prior work
FAUST reinterprets FF within a similarity-learning

paradigm; the mechanisms of related approaches, FFCM

and SCFF, are presented in Fig. 2. FFCM and SCFF
typically learn representations prior to fitting a separate
classifier for prediction, whereas FAUST performs clas-
sification directly in the representation space by match-
ing inputs to cached class representatives. FFCM forms
positives via two augmented views of the same image
and uses samples from different classes as negatives.
In comparison, FAUST uses the fixed representative
image of the same class as the input as the positive
sample and the representatives of different classes as
the negative samples. SCFF operates without labels or
external augmentations by constructing positives and
negatives through the concatenation of identical versus
different images.

V. RESULTS
We conduct the following ablation studies on FAUST

to isolate the effect of each of our design choices.
Effect of triplet vs. (N + 1)-tuplet loss. To assess

the impact of shifting from triplet to tuplet supervi-
sion, we compare two ablative variants—FAUST-random
triplet and FAUST-random tuplet—that utilize triplet
loss and (N + 1)-tuplet loss, respectively, with random
sampling of the positive and negative images for each
anchor.

Effect of random sampling vs. fixed class repre-
sentatives. We then assess the effectiveness of adopting
the representative-based approach by comparing FAUST-
random tuplet to FAUST.

Effect of embedding layer. FAUST uses a linear
embedding layer on each layer’s post-activation features
to generate the embeddings used for classifying inputs.
To demonstrate the importance of this embedding
layer, we compare FAUST against a variant—FAUST-no
embedding—that has the embedding head removed.

V-A. Representatives stabilize optimization
To evaluate whether using representatives yields more

stable optimization than random sampling in our local
learning set-up, we measure the consistency of gradient
directions during training. Specifically, for each layer
l and update step t, we compute the cosine similarity
between the gradients from two consecutive updates,

sl,t = cos(gl,t,gl,t+1).

Fig. 3 shows that FAUST consistently produces higher
cosine similarity scores on average than FAUST-random
tuplet, indicating that consecutive updates tend to point
in more similar directions. This result suggests that
fixing positives and negatives via class representatives
reduces sampling-induced fluctuations and leads to
more uniform gradient updates during training.



Fig. 2: Visualization of FFCM (Left) and SCFF (Right).
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Fig. 3: Per-layer gradient directions during training. The solid line shows the mean cosine similarity of each
batch-index bin, and the shaded region indicates the minimum–maximum range observed within the same bin. Blue
lines (representative) show the results of FAUST; red lines (random) show the results of FAUST-random tuplet.
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Fig. 4: Information retention across layers on an MLP
with five layers of 500 neurons and an embedding size
of 128 on Fashion-MNIST. E denotes with embedding
layers, as in FAUST; NE denotes without embedding
layers, as in FAUST-no embedding.

V-B. Embedding layer reduces information loss

We evaluate whether the incorporation of embedding
layers improves information retention in the following
manner. Intuitively, the mutual information I(gi;x)
quantifies how much the hidden representation at layer
i, denoted gi, informs one about the original input x—
larger values correspond to more information about x

being recoverable from gi. Formally,

I(gi;x) = H(x)−H(x|gi),

where H(x) is the marginal entropy of the input dis-
tribution (a constant for a dataset), and H(x|gi) is the
uncertainty about x after observing gi. If a sufficiently
expressive decoder is trained to reconstruct the original
input x from gi, the reconstruction loss can serve as a
variational upper bound on H(x|gi). Thus, by training
a decoder to minimize the reconstruction loss, one can
obtain a maximized lower bound on I(gi;x) [29].
We apply the following method to FAUST and FAUST-
no embedding to compare the reconstruction losses. We
first train the network to convergence and freeze all
weights. For each layer i, we then attach a separate
decoder and train it to reconstruct the input x from
gi, with backpropagation applied only to the decoder.
We use the same decoder architecture across all layers,
namely an MLP with one hidden layer of 500 units
and an output layer of size 784 to match the flattened
28× 28 images of Fashion-MNIST. Controlling the de-
coder architecture allows us to attribute the differences
in reconstruction losses to the representations gi rather
than the expressiveness of the decoder. Let θ denote the
decoder parameters after optimization; our information
retention proxy for layer i is:

I∗(gi;x) = H(x)−Rθ(x|gi),



Method MNIST Fashion-MNIST CIFAR-10

MLP-based BP vs. FF models 3/500 4/800 3/500 4/800 3/500 4/800

BP 98.64 98.64 90.11 90.40 57.30 57.63
FF 97.05 97.22 87.10 87.47 46.13 46.44
FFCM [22] 97.01 97.12 87.67 87.64 54.44 54.48
Collab FF [16] 97.90 NR 88.40 NR 48.40 NR
FAUST-random triplet 98.33 97.95 86.61 86.71 47.42 46.76
FAUST-random tuplet 98.68 98.69 87.69 87.42 54.05 53.79
FAUST-no embedding 91.88 91.54 82.67 82.73 37.96 38.15
FAUST 98.43 98.39 89.67 89.47 55.92 56.22

CNN-based BP vs. FF models

BP (CNN-5) 99.50 93.45 86.22
CaFo (CNN-3) [20] 99.00 NR 69.50
Channel-wise FF (CNN-4) [18] 99.42 92.31 78.11
SCFF (CNN-5) [23] 98.70 NR 80.80
DeeperForward (CNN-4) [21] 99.50 91.83 79.49
FAUST (CNN-5) 99.50 93.12 81.21

BP-free, non-FF models

DTP (CNN-6) [7] 98.93 90.35 89.38
PEPITA (CNN-2) [8] 98.01 NR 52.57
F3 (MLP-2) [9] 97.16 NR 46.04
SoftHebb (SoftHebb) [4] 99.35 NR 80.31
DFA (CNN-5) [5] 98.53 87.87 57.53
FA (CNN-5) [6] 98.99 90.04 62.90

Table I: Accuracy across algorithms and datasets. M/N denotes implementing the algorithm on an MLP with
M layers of N neurons. CNN-x denotes implementing the algorithm on a CNN with x convolutional layers. NR
indicates not reported.

ResNet-18 No data aug With data aug

BP 76.45 81.27
FAUST 77.12 78.06

Table II: Accuracy of ResNet-18 implementations on
ImageNette with and without data augmentation.

where Rθ(x|gi) denotes the expected error for recon-
structing x from gi with binary cross-entropy. I∗(gi;x)
is a lower bound on I(gi;x). Fig. 4 shows that introduc-
ing embedding layers consistently improves information
retention across all layers.

V-C. Classification accuracy

We evaluate FAUST on MNIST, Fashion-MNIST, and
CIFAR-10 on MLP backbones. We run all MLP-based

methods under the same two architectures (3× 500 and
4×800); these configurations are tuned not to maximize
absolute accuracy but to place competing algorithms
on a comparable footing. Table I reports our results
alongside BP and prior FF baselines.
Across all datasets, moving from triplet to tuplet loss
consistently improves accuracy. On Fashion-MNIST and
CIFAR-10, using fixed representatives yields further
improvement over random tuplets. Finally, removing the
embedding head results in a large degradation across all
datasets, indicating that optimizing the local objective in
a separate embedding space is valuable for preserving
useful representations.
To assess the capability of FAUST beyond MLPs, we
implement it on a VGG-style CNN containing five
convolutional layers. Our results indicate that FAUST
remains competitive against CNN-based FF models of
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Fig. 5: t-SNE visualizations of the representations learned by FAUST on an MLP with four layers of 500 neurons
and an embedding size of 256 on Fashion-MNIST. The value in the upper-right corner, F , is the Fisher discriminant
score. Color-to-class mapping is T-shirt/top, Trouser, Pullover, Dress, Coat, Sandal, Shirt, Sneaker, Bag, Ankle-boot.

similar depths. We further include results from BP-free,
non-FF models to contextualize performance relative to
the broader BP-free literature. To assess the scalability
of FAUST, we implement it along with BP on ResNet-
18 and evaluate both networks on ImageNette, a subset
of ImageNet [30]. Without data augmentation, FAUST
achieves a slightly higher peak testing accuracy than
BP, as BP experiences more overfitting. With standard
ResNet data augmentation [31] enabled, BP benefits
substantially and achieves a higher testing accuracy,
whereas FAUST only shows limited gains.

V-D. Behavior of deeper layers
We analyze how class separability evolves with depth

in FAUST on Fashion-MNIST. Fig. 5 visualizes layer-
wise embeddings using t-SNE, where clusters become
progressively more separated as depth increases. We
further compute the Fisher discriminant score F , defined
as the ratio of between-class scatter to within-class
scatter,

F =

∑
c nc||µc − µ||2∑

c

∑
x∈c ||x− µc||2

,

where µc is the class mean embedding and µ is the
global mean embedding. Across the four-layer MLP,
F increases from 2.97 to 9.81. This result indicates
that, while layers are trained with local objectives,
representations become increasingly class-separable in
deeper layers.

VI. CONCLUSIONS

In this research, we introduced FAUST, a BP-free
learning framework that reformulates FF within a layer-
wise similarity-learning paradigm. FAUST trains each
layer with a tuplet-based objective against fixed class
representatives and performs inference directly in the
representation space. We further show that FAUST’s
incorporation of embedding layers improves information
retention across layers. Empirically, FAUST consistently
improves over FF baselines on matched MLP and

CNN architectures on MNIST, Fashion-MNIST, and
CIFAR-10, narrowing the gap to BP. We also tested
FAUST on ResNet-18, which demonstrates competitive
performance on ImageNette. FAUST yields convincing
empirical results even with the current minimal design
of randomly selecting class representatives, suggest-
ing that exploring more informed selection strategies
may improve performance and constitute a potentially
promising direction for future work.
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