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Biologically-plausible learning algorithms
can scale to large datasets

•  Performance on ImageNet•  Backpropagation is biologically implausible

•  More plausible alternatives 

•  Performance on MS-COCO

•  Alignment of feedback weights

Results

•  Rules for error backpropagation

Backpropagation (BP)

Sign-symmetry (SS)

Feedback alignment (FA)

: feedforward weights
: feedback weights
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Conclusion
Sign-symmetry performs nearly as well as backpropagation on Ima-
geNet and has reasonable performance on MS COCO with minimal 
hyperparameter tuning. These results indicate that biological-
ly-plausible learning algorithms remain promising options for train-
ing arti�cial neural networks and modeling learning in the brain.
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•  Alternatives to backpropagation

•  The need for sign transport

We focused on algorithms that use error backpropagation. Another class of al-
gorithms, target-propagation, have not been shown to work well on ImageNet 
(Bartunov et al., 2018). Compared to feedback alignment, sign-symmetry is ex-
pected to be more powerful, because it allows feedback weights to have some 
information about feedforward weights. Indeed, SS can train a large network on 
ImageNet almost as well as BP.  More recent work (Akrout et al., 2019) intro-
duced two other algorithms, weight mirrors (WM) and Kolen-Pollack learning 
(KP), which also work well on ImageNet, performing almost as well as BP and 
slightly better than SS. Both WM and KP rely on rules to explicitly learn the feed-
back weights to match the feedforward weights, and both achieve alignment 
angles close to zero. Comparing them with SS, it is interesting to note that much 
less accurate weight alignment in SS (30° in late layers to ~55° in early layers) still 
supports reasonably good learning. This indicates that perfect alignment of 
feedforward and feedbback weights is not essential for error backpropagation, 
which bodes well for its use in the brain.

Although SS addresses weight transport, it still relies on transport of signs. In the 
brain, the sign of a connection weight is determined by the biochemical nature 
of the synapse—e.g., glutamatergic (excitatory) or GABAergic (inhibitory)—and 
is innate to each presynaptic neuron. Hence, if sign-symmetry is satis�ed initial-
ly, it will be satis�ed throughout learning, and ”sign transport” will not be re-
quired. There are known mechanisms for achieving speci�c wiring in the brain 
that could establish initial sign-symmetry. Evaluating the learning capacity of 
sign-�xed networks is an interesting direction of work (with promising initial re-
sults by Moskovitz et al., 2018).

Research is making some headway into addressing the many implausibilities of 
deep learning in the brain. In addition to more plausible learning algorithms, an-
other important advance is reinforcement learning and self-supervised learning, 
which reduce the need for large amounts of labeled examples. Many issues 
remain: the brain uses no weight-sharing as in convolutional nets; neurons com-
municate with discrete, binary signals (spikes); neurons have consistently signed 
outputs (Dale's law); the brain cannot store activation values over time for calcu-
lating weight derivatives in an RNN, nor does it seem to have separate forward 
and backward passes; and so on. There is research that tackles each issue, but 
much work remains to bring together the components to demonstrate a truly 
plausible, e�ective, and empirically-veri�ed model of learning in the brain.

Deep learning models today are highly successful. It is an interesting ques-
tion whether they relate to learning in the brain. One issue is that backpropa-
gation (BP), the learning algorithm enabling most of today’s deep networks, 
is di�cult to implement in the brain given what we know about the its hard-
ware. Since synapses are unidirectional in the brain, feedforward and feed-
back connections are physically distinct. Requiring them to share weights, 
even as weights are adjusted during learning, seems highly problematic.

To address the“weight transport problem” (Grossberg, 1987), two alternative 
algorithms have been proposed: sign-symmetry (SS; Liao et al., 2016) and 
feedback alignment (FA; Lillicrap et al., 2016). They still propagate the error 
backwards, but relax the requirement for weight symmetry, and show com-
parable learning capabilities to that of BP on datasets such as MNIST and 
CIFAR. However, a recent study by Bartunov et al. (2018) �nds that FA per-
forms signi�cantly worse on ImageNet. Here, we additionally evaluate SS on 
ImageNet. SS di�ers from both BP and FA in that the feedback and feedfor-
ward weights do not share magnitudes but do share signs. SS performs 
nearly as well as BP in learning the challenging ImageNet task.

•  Towards a model of learning in the brain
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