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The paper introduces "Election Coding,” a coding framework ensuring Byzantine-robustness in distributed learning
with SignSGD, minimizing communication load. It presents two code types (Bernoulli and algebraic) to tolerate
attacks and guarantee convergence, offering insights and perfect tolerance. Real dataset experiments validate
improved Byzantine resilience in SignSGD-based systems.
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We study the neural network (NN) compression problem, viewing the tension between the compression ratio
and NN performance through the lens of rate—distortion theory. \We choose a distortion metric that reflects the
effect of NN compression on the model output and derive the tradeoff between rate (compression) and distortion.
In addition to characterizing theoretical limits of NN compression, this formulation shows that pruning, implicitly
or explicitly, must be a part of a good compression algorithm. This observation bridges a gap between parts of
the literature pertaining to NN and data compression, respectively, providing insight into the empirical success of
model pruning. Finally, we propose a novel pruning strategy derived from our information-theoretic formulation
and show that it outperforms the relevant baselines on CIFAR-10 and ImageNet datasets.
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Crowdsourcing systems enable us to collect large—scale dataset, but inherently suffer from noisy labels of low-
paid workers. We address the inference and learning problems using such a crowdsourced dataset with noise.
Due to the nature of sparsity in crowdsourcing, it is critical to exploit both probabilistic model to capture worker
prior and neural network to extract task feature despite risks from wrong prior and overfitted feature in practice.
We hence establish a neuralpowered Bayesian framework, from which we devise deepMF and deepBP with
different choice of variational approximation methods, mean field (MF) and belief propagation (BP), respectively.
This provides a unified view of existing methods, which are special cases of deepMF with different priors. In
addition, our empirical study suggests that deepBP is a new approach, which is more robust against wrong prior,
feature overfitting and extreme workers thanks to the more sophisticated BP than MF.
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