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Table 1: Classification accuracy (% correct) on vision tasks. BP: end-to-end backprop, 
FA: Feedback Alignment, Sim Loss: Local learning with similarity matching loss 
(Nøkland and Eidnes, 2019), BLL: block local learning.

Figure 3: Scaling behavior of BLL. A: Test accuracy for different number of blocks for 
CIFAR-10 on ResNet-50. Dashed line shows BP baseline. B: Learning curves for 
S2S task. C: Test accuracy vs. number of blocks for S2S task. Error bars show 

standard deviations over independent runs.

Figure 3: Block-local representations as learning signals. A deep neural network 
architecture is split into multiple blocks (forward blocks) and trained on an auxiliary 

local loss. Targets for local losses are provided by feedback blocks.

Figure 2: Left: Pseudo code of the BLL training algorithm. fk and gk are the transfer 
functions of forward and feedback blocks, respectively. The for-loops can be 

interleaved and run in parallel. Right: Timeline of execution for BLL.

Backprop introduces a locking problem - forward and backward phase 
must wait for each other (Jaderberg et al., 2016).

The two phases rely on the same weight matrices to compute updates, 
known as the weight transport problem (Grossberg, 1987;
Lillicrap et al., 2014).

Locking and weight transport problems, make parallelization inefficient.

We propose a new method to address these problems to distribute a 
globally defined optimization algorithm across computing devices 
using only local updates.

Our approach is derived from variational inference that
provides auxiliary local targets and communicates messages
forward and backward in parallel.

Within each block, conventional error backpropagation is
performed locally  -  Block Local Learning (BLL)

A PROBABILISTIC FORMULATION OF BLOCK-LOCAL DISTRIBUTED
LEARNING

VARIATIONAL GREEDY BLOCK-LOCAL LEARNING

BLOCK-LOCAL TRANSFORMER ARCHITECTURE FOR
SEQUENCE-TO-SEQUENCE LEARNING

BLOCK-LOCAL LEARNING OF
VISION BENCHMARK TASKS

Splitting a network into blocks k can be formalized by introducing latent variables zk 

For every forward block k we introduce a feedback block (see Figure 1), such that

Learning goal replaced by variational lower bound with block-local losses

The BLL algorithm is shown in Figure 2. The two for-loops can be interleaved and
parallelized by pipelining the propagation of data samples through the network.

Evaluation (see Table 1):

- Fashion-Mnist and CIFAR-10

- ResNet18 and ResNet50 architectures

- Error Backpropagation (BP)

- Feedback Alignment (Lillicrap et al., 2014) (FA)

- Local learning using similarity matching loss (Pred-Sim) (Nøkland and Eidnes, 2019).

- Block Local Learning (BLL)

Evaluation (see Figure 3):

- Transformer with 20 layers with a single attention head each.

- Block local losses after each layer and trained locally.

- task: S2S, random permutation of numbers 0..9 to be re-generated in reverse order.

We address the problem of how can DNNs be efficiently distributed and 
horizontally scaled over many compute nodes.

Our method is especially well suited for new energy efficient hardware for ML, 
such as edge devices.

We use a probabilistic framework with block-local losses for training.

Our initial results suggest that this new method performs on par or slightly better 
than previous related block-local learning approaches for small-scale tasks.
 
The theoretical framework presented here is flexible and allows the introduction of 
complex, multi-layer feedback networks for which we show preliminary resutls on 
deep transformer networks.

Jaderberg et al., 2016. Decoupled Neural Interfaces using Synthetic Gradients.  http://arxiv.org/abs/1608.05343.

Stephen Grossberg, 1987. Competitive learning: From interactive activation to adaptive resonance. Cog. Sci. 11.

Lillicrap et al., 2014. Random feedback weights support learning in deep neural networks. http://arxiv.org/abs/1411.0247.

Nøkland and Eidnes, 2019. Training neural networks with local error signals. ICML. https://arxiv.org/abs/1901.06656


