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Neural networks can be 

compressed to reduce memory 

and computational 

requirements, or to increase 

accuracy by facilitating the use 

of a larger base architecture. In 

this work, we use the 

information bottleneck principle 

to inspire a novel energy 

function for compressing deep 

networks. Theoretical analysis 

supports the compression 

performance while empirical 

results show state-of-art 

compression rates across an 

array of datasets and network 

architectures.
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We interpret a feedforward network as a Markov chain (All the layers are stochastic):

𝒚 → 𝒙 → 𝒉1 → ⋯ → 𝒉𝐿 → ෝ𝒚

 Intuition: 

Minimize the mutual information 𝑰 𝒉𝒊; 𝒉𝒊−𝟏 to remove inter-layer redundancy (information bottleneck)

Maximize the mutual information 𝑰 𝒉𝒊; 𝒚 to encourage accurate predictions of 𝒚

 Layer-wise objective: ℒ𝑖 = 𝛾𝑖𝑰 𝒉𝑖; 𝒉𝑖−1 − 𝑰 𝒉𝑖; 𝒚

 Variational upper bound: 

 Parametric forms of 𝑝 𝒉𝑖|𝒉𝑖−1 , 𝑞 𝒉𝑖 and 𝑞 𝒚|𝒉𝐿

 Final variational IB-inspired objective function (VIBNet):
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 Reduced redundancy via intrinsic sparsity:
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 Analysis of tractable upper bounds:

−𝐿𝔼 𝒙,𝒚 ~𝒟,𝒉~𝑝 𝒉|𝒙 log 𝑞 𝒚|𝒉𝐿 can be written as

න𝑝 𝝐 𝑔 𝝐; 𝜽,𝑾 𝑑𝜖

For fixed network weights 𝑾′, replace 𝑔 𝝐; 𝜽,𝑾 with a 

quadratic upper bound 

ҧ𝑔 𝝐; 𝜽 ≜ 𝑧 𝝐; 𝜽 𝑇𝑨𝑇𝑨𝑧 𝝐; 𝜽 + 𝒃𝑇𝑧 𝝐; 𝜽 + c

𝑨 becomes low-rank if the network is over-

parameterized. At any local minimum of the upper 

bound of ሚℒ, we have

𝝁∗ 0 = 𝜶∗ 0 ≤ 𝑟𝑎𝑛𝑘 𝑨 + 1

Neural networks are over-parameterized in terms of 

• Number of parameters (𝑟𝑊)

• Computational cost (FLOP)

• Memory footprint (𝑟𝑁)

Previous compression strategies:

• Design more efficient network structures

• Quantize network weights

• Apply tensor/matrix decompositions

• Prune existing network structures, e.g.

• Connections

• Weight groups / activations

• Bayesian approaches

• Group Lasso

• Smoothed 𝑙0-norm approach
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Figure 1. VIBNet layer/block structure
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Method 𝑟𝑊(%) 𝑟𝑁(%) Error(%) Pruned Model

VD 25.28 58.95 1.8 512-114-72

BC-GNJ 10.76 32.85 1.8 278-98-13

BC-GHS 10.55 34.71 1.8 311-86-14

L0 26.02 45.02 1.4 219-214-100

L0-sep 10.01 32.69 1.8 266-88-33

DN 23.05 57.94 1.8 542-83-61

VIBNet 3.59 16.98 1.6 97-71-33

Table 1. LeNet300-100 on MNIST

Method 𝑟𝑊(%) 𝑟𝑁(%) FLOP(mil) Error(%)

GD 1.38 32.00 0.250 1.1

GL 23.69 19.35 0.201 1.0

VD 9.29 60.78 0.660 1.0

SBP 19.66 21.15 0.213 0.9

BC-GNJ 0.95 35.03 0.283 1.0

BC-GHS 0.64 22.80 0.153 1.0

L0 8.92 85.82 1.113 0.9

L0-sep 1.08 40.36 0.389 1.0

VIBNet 0.83 15.55 0.094 1.0

Table 2. LeNet5-Caffe on MNIST
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Active dimension Redundant dimension

Method 𝑟𝑊(%) 𝑟𝑁(%) FLOP(mil) Error(%)

BC-GNJ 6.57 81.68 141.5 8.6

BC-GHS 5.40 74.82 121.9 9.0

VIBNet 5.30 49.57 70.63 8.8 (8.5)

PF 35.99 83.97 206.3 6.6

SBP 7.01 80.72 136.0 7.5

SBPa 5.78 66.46 99.20 9.0

VIBNet 5.45 57.86 86.82 6.5 (6.1)

NS-Single 11.50 - 195.5 6.2

NS-Best 8.60 - 147.0 5.9

VIBNet 5.79 59.60 116.0 6.2 (5.8)

Table 3. VGG16 (modified) on CIFAR10

Method 𝑟𝑊(%) 𝑟𝑁(%) FLOP(mil) Error(%)

RNP - - 160 38.0

VIBNet 22.75 59.80 133.6 37.6 (37.4)

NS-Single 24.90 - 250.5 26.5

NS-Best 20.80 - 214.8 26.0

VIBNet 15.08 73.80 203.1 25.9 (25.1)

Table 4. VGG16 (modified) on CIFAR100

(Tishby & Zaslavsky, arXiv 2015)

Figure 2. Compression ratio and mutual information 

between the first hidden layer and the input layer.
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𝑝 𝒉𝑖|𝒉𝑖−1 = 𝒩 𝒉𝑖|𝑓𝑖 𝒉𝑖−1 ⊙𝝁𝑖 , diag 𝑓𝑖 𝒉𝑖−1
2 ⊙𝛔𝑖

2

𝑞 𝒉𝑖 = 𝒩 𝒉𝑖|𝟎, diag 𝝃𝑖

𝑞 𝒚|𝒉𝐿 is multinomial for classification and Gaussian for regression.

ሚℒ𝑖 = 𝛾𝑖𝔼 𝒙,𝒚 ~𝒟,𝒉1:𝑖−1~𝑝 𝒉1:𝑖−1|𝒙
𝕂𝕃 𝑝 𝒉𝑖|𝒉𝑖−1 ||𝑞 𝒉𝑖 − 𝔼 𝒙,𝒚 ~𝒟,𝒉~𝑝 𝒉|𝒙 log 𝑞 𝒚|𝒉𝐿
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