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The “credit assignment” problem
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The solution in artificial networks: backprop
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bumper car snow leopard Credit assignment by backprop

works well in practice and shows up
in virtually all of the state-of-the-art
supervised, unsupervised, and
reinforcement learning algorithms.
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The key feature of deep learning that is missing from current
neuroscience models is the ability to perform credit assignment in
hierarchical, multilayer networks

Assigning neurons/synapses “credit” (or “blame”) for their contributions
to behavioural output in a deep network is non-trivial; standard
Hebbian learning and/or global reinforcement signals insufficient
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Why Isn’t Backprop “Biologically Plausible™?
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Why Isn’t Backprop “Biologically Plausible™?

AW, ce-W,-c'(u)x

VWe need:

) Error term

) Transpose of downstream weights

) Derivative of activation function

) Separate forward and backward passes
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Neuroscience Evidence for Backprop in the Brain?
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A spectrum of credit assignment algorithms:

Perturb and reinforce weights with scalar error: Compute and follow vector gradient:
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A spectrum of credit assignment algorithms:
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A spectrum of credit assignment algorithms:
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How to convince a neuroscientist that the cortex
IS learning via [something like] backprop

- To convince a machine learning researcher, an appeal to variance
In gradient estimates might be enough.

- But this is rarely enough to convince a neuroscientist.

- S0 what lines of argument help?



How to convince a neuroscientist that the cortex
IS learning via [something like] backprop

- What do | mean by “something like backprop™?:

- That learning is achieved across multiple layers by sending
information from neurons closer to the output back to “earlier”
layers to help compute their synaptic updates.



How to convince a neuroscientist that the cortex
IS learning via [something like] backprop

1. Feedback connections in cortex are ®
ubiquitous and modify the activity/spiking AXON
of neurons in earlier layers.

2. Plasticity in “forward” connecting J‘Feedback
SOMA O ‘

synapses is driven by pre- and

post-synaptic spiking (e.g. STDP).
3. Thus, feedback connections will modify ‘j
learning at forward connecting synapses! Feodforward



What about reinforcement learning?
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A Single Trial of Reinforcement Learning
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Measuring Outcomes

Return for a single trial:

R(T) — y:;r—o 'Vtrt

Obijective function:

J(0) = fT po(T)R(7)dT



Update Parameters with the Policy Gradient

1. Sample a trajectory by rolling out the policy:
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2. Compute an estimate of the policy gradient and update network parameters:
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Training Neural Networks with Policy Gradients

Top 5 Labyrinth Agents
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Still 100s of Millions of steps,
even with backprop.

Mnih et al., ICML 2016


http://www.youtube.com/watch?v=nMR5mjCFZCw

Why Isn’t Backprop “Biologically Plausible™?
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Why Isn’t Backprop “Biologically Plausible™?

AW, ce-W,-c'(u)x

VWe need:

) Error term

) Transpose of downstream weights

) Derivative of activation function

) Separate forward and backward passes



The backpropagation solution
(AKA "weight transport")
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The most obvious solution to credit assignment is to explicit
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Feedback alignment
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Alignment Angle
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Energy based models.
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Question:

Do existing biologically-motivated learning algorithms
scale up to solve hard credit assignment problems?



Constraints on learning rules.

- No weight transport (i.e. weight transposes).
- No weight tying (i.e. convolutional kernels)
- No feedback of signed errors.

- Use continuous (rather than spiking) signals.

- Violate Dale’s Law.

- Use separate forward/backward passes and local
activation derivatives.

- Your personal complaint here...

Bartunov, Santoro, Richards, Hinton, Lillicrap



Target propagation:

Assume perfect backward inverse functions.
Send activity targets rather than errors.
Compute per-layer errors locally.

Ep = (hy — hy)?

Use a simple delta rule to compute forward
weight updates.

Le Cun, 1987



Difference target-propagation (DTP):

- Use autoencoder learned inverses.
- Form a correction term for targets.

- Both forward and backward weights are
updated using simple and local delta rules.

B
AWe = —nggr AVe = —n%

- But, DTP still uses gradients to compute
targets at the penultimate hidden layer.

Lee et al, 2015



Gradient free DTP variants:

Difference Target Propagation Simplified Difference Target Propagation

- Use learned inverse to form
targets for penultimate layer.

: OL(hr) .
by = hyy — gt : - Augment output layer with

random features computed

w from penultimate layer
activities.

hi = ha — g(hs) + g(hs)

3 3

Input

Bartunov, Santoro, Richards, Hinton, Lillicrap



Experimental detalls:

- Datasets: MNIST, SVHN, CIFAR, ImageNet.
- Explored fully connected (FC), locally connected (LC)
- Examined relatively small/simple networks:
- 3 locally connected layers followed by 1 fully connected for
non-lmageNet datasets.
- 7 locally connected layers for ImageNet.
-  GPU memory constrains maximum LC networks.

- Extensive hyperparameter search for parameters.
- Human guided architecture search for non-backprop algorithms.

Bartunov, Santoro, Richards, Hinton, Lillicrap



Results on MNIST, SVHN, CIFAR10

MNIST:
- Replicated original DTP results >98% accuracy.
- Weight transport free variant perform close to DTP (within 0.3% error).

SVHN:
- DTP and variant perform worse than BP (~89% versus ~92%)
- Gap widens in locally connected architectures (~90% versus ~94%)

CIFAR10:
- DTP and variant perform close to BP (~58% versus ~59%).
- Gap widens in locally connected architectures (~61% versus ~68%)

Bartunov, Santoro, Richards, Hinton, Lillicrap



Performance on CIFAR10

Fully-connected network

FC LC
METHOD TRAIN TEST | TRAIN TEST S
DTP, PARALLEL 59.45 59.14 | 28.69 39.47 )
DTP, ALTERNATING 30.41 42.32 | 28.54 39.47
SDTP, PARALLEL 51.48 55.32 | 43.00 46.63
0 100 200 300 400 500
SDTP, ALTERNATING  48.65 54.27 | 40.40 45.66 Epoch
BP 2897 4132 083 3241 60 Locally-connected network
BP CONVNET ~ - 1.39 31.87 %
‘ FC LC Z
METHOD TRAIN TEST | TRAIN TEST &
EEOFCLATS 2428 47.11 | 32,67 40.05
PARALLEL 0 100 200 300 400 500
AO-SDTP —— DTP parallel - SDTPi::)a(I:L — 8P
ALTERNATING 0.00 45.40 34'11 40'21 ——— DTP alternating —— SDTP alternating —— BP ConvNet

Bartunov, Santoro, Richards, Hinton, Lillicrap



Performance on ImageNet
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Models of a Neuron
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New Models of a Neuron
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More Plausible Deep Learning Algorithms?

Segregated dendrites solution

Multi-
compartment
hidden layer

Guerguiev, Lillicrap, Richards, eLife 2017



More Plausible Deep Learning Algorithms?
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Future Directions:
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golfcart Egyptian cat
New machine learning algorithms that are Neuroscience experiments aimed at
obey known constraints of biology but still explicitly identifying the role of feedback in

perform well on, e.g. ImageNet weight updates.
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