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Introduction

• For post-training pruning methods, re-training and fine-tuning the
model bring additional computational costs.

• Most existing studies on pruning do not provide theoretical study.

• Contributions: We provide directional pruning (DP), a new pruning
strategy that preserves training loss while maximizing the sparsity
and doesn’t require retraining, and a theoretically provable `1 prox-
imal gradient algorithm to achieve DP.

Directional Pruning

1. SGD reaches a flat valley P0 ⊂ Rd (subspace of flat directions, or
the eigenspace associated with zero eigenvalues of the Hessian).
Magnitude pruning needs retraining: perturbing wSGD to yellow
area increases the training error since it is no longer in P0)
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3. Directional Pruning:
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Algorithm and Theory

• Challenge: P0 is associated with the zero eigenspace of Hessian, which
can’t be estimated.

• Generalized regularized dual averaging (gRDA):

wn+1 = Sg(n,γ)

(
w0 − γ

n∑
k=0

∇f(wk;Zik+1
)

)
where Sg(n,γ) is soft-thresholding with g(n, γ) = cγ1/2(nγ)µ, γ is learn-
ing rate, Zik+1

is one data batch, c, µ > 0 are hyperparameters.

Theorem: gRDA asymptotically solves DP

Under regularity conditions (details in paper), assume µ ∈ (0.5, 1) and
c > 0 in g(n, γ) of gRDA. Then, as γ → 0, gRDA asymptotically per-
forms directional pruning based on wSGD(t); particularly,

wγ(t)
d
≈ arg min

w∈Rd

{
1

2
‖wSGD(t)− w‖2

2 + λγ,t

d∑
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s̄j|wj|
}
, ∀t > T̄ ,

where
d
≈ means “asymptotic in distribution” under the empirical prob-

ability measure of the gradients, λγ,t = c
√
γtµ and the s̄j satisfies

limt→∞ |s̄j − sj| = 0 for all j.

ResNet50 on ImageNet
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3x3 conv layers (on dashed lines)
have more redundancy (valleys);

1x1 conv layers (not on dashed lines)
have less redundancy (peaks)

Comparison of sparsities of individual layers of the ResNet50
gRDA (c=0.01, mu=0.4), s=0.80, acc=72.7%
gRDA (c=0.005, mu=0.55), s=0.92, acc=73.2%
Erd s Rényi Kernel, s=0.90, acc=73.0%
AutoML for Model Compression (RL), s=0.80, acc=76.1%
Variational Dropout, s=0.90, acc=73.84%

• gRDA achieves promising performance among many others for sparsity >
90%. We gratefully acknowledge Gale et al. who share the data [2].

• gRDA generates a layerwise sparsity pattern similar to other pruning algo-
rithms [3, 1, 4].
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Figure 1: VGG16/CIFAR-10/Train loss
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Figure 2: VGG16/CIFAR-10/Test error
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Figure 3: WRN28x10/CIFAR-100/Train loss
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Figure 4: WRN28x10/CIFAR-100/Test error

The white curve (Bézier) traces the minimal training loss that interpolates the
minimizers found by the SGD and the gRDA.
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