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Ensembles of Deep Neural Networks

Deep Ensemble [DE; Lakshminarayanan et al., 2017]

- Let F : @ — pc, be a neural network for a K-way classification.
- DE ensembles the same model trained with different seeds,

random init.
(—
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Pe ™= 77 n;}'gm (z), where 6, arg;nax logp(0|D). (1)
- The power of the ensemble comes from the diversity among ensemble
members, and there have been several works to enhance it [wenzel et al,

2020, Zaidi et al., 2021, Rame and Cord, 2021, D'Angelo and Fortuin, 2021].



Ensemble Distillation

Knowledge Distillation [kp; Hinton et al, 2015]

- The seminal work of Hinton et al. [2015]:

Training an ensemble of models is a very simple way to take
advantage of parallel computation and the usual objection
that an ensemble requires too much computation at test time
can be dealt with by using distillation.

- However, the diversities among ensemble teachers are removed by
mean operation and hardly transferred to the student, i.e,

M
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minimize H i Z Tm(x), Se(x)| ,

m=1

where Sp is a single student network. (2)



Ensemble Distillation

BatchEnsemble (BE; wen et al, 2020]

- BE aims to address the computational and memory bottleneck of DE.

- To summarize (with a slight abuse of notation),

DEI {01, ...,0]»1},
BE: {80 (r1s]),...,00 (rarsi)}. (3)

BatchEnsemble and one-to-one distillation [mariet et at, 2021]

- Distilling DE teacher into BE student, i.e,

M
minimize Y H [Tm(z), Sm(@)],
m=1
where S, is the m'" subnetwork of BE. (4)

- As a result, BE mimics the DE at a lower cost. Nevertheless, in principle,
BE still requires multiple forward passes for inference.



Improving Ensemble Distillation

(#1) LatentBE : a weight avearged BE student
- In principle, BE requires multiple forward passes for inference,
1 0, 0o (ris]),
~(p x)+p x)), where (5)
2 ( 891( ) 392( )> 02 +— 0o (7'28;).

- LatentBE only requires a single forward pass for inference,

Ds, (), where 8 <~ 0o (r1s] +ras, ). (6)
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Figure 1: A schematic diagram depicting BE (left) and LatentBE (right).



Improving Ensemble Distillation

(#2) A better perturbation strategy

- Nam et al. [2021] utilizes perturbation strategies, Output Diversified
Sampling [ops; Tashiro et al, 2020], to improve diversity transfer,

€0ops X Vz (wTTm (ZB)), (7)

where w denotes a random guidance vector.

- We suggest perturbing input to the direction that minimizes the student
diversity while the teacher diversity is maximized,

€ x Vg (TDiv(x) — SDiv(x)), (8)

where TDiv(x) denotes the teacher diversity and SDiv(x) denotes the
student diversity.



Results on Image Classification Tasks

Method ACC (1) NLL (1) ECE () cNLL (J) cECE(Y)
DE-4 teacher 94.71 0.170 0.006 0.168 0.010

KD [Hinton etal, 2015] 93.70+0.10  0.270+0.004  0.042+0.001  0.201+0.003 0.011-+0.002
AE-KD [pu etal, 2020] 93.67+0.05 0.278+0.002 0.042+0.000 0.205+0.001  0.010+0.001
ProxnynDQ [Ryabinin etal,2021]  93.67+0.04  0.27040.005 0.042+0.001  0.200+0.002  0.011+0.001
KD + LatentBE (Ours) 93.98+0.20 0.263+0.003 0.041+0.002 0.194+0.002  0.011+0.002
+ ConfODS 93.95+0.12  0.223+0.007  0.032+0.001  0.186+0.004  0.008:0.001
+ TDiv-SDiv 93.95+0.01  0.205+0.006 0.028+0.001  0.181+0.005  0.008-0.002

Table 1: Results on CIFAR-10 with DE-4 teacher.

Method ACC (1) NLL () ECE({) cNLL (J) CECE (J)
DE-4 teacher 81.37 0.706 0.031 0.700 0.018

KD [Hinton et al, 2015] 79.09+0.20 1.038+0.011  0.130+0.003 0.861+0.007 0.046+0.001
AE-KD [pu et al, 2020] 79.00+0.39  1.033+0.000 0.129+0.004 0.859+0.008 0.045+0.004
Proxy-EnD2 [Ryabininetal,2021]  78.75+0.28  1.07640.016 0.138+0.002  0.886+0.011  0.046+0.003
KD + LatentBE (Ours) 79.46+0.20 0.993+0.024 0.124+0.004 0.837+0.012 0.04640.005
+ ConfODS 79.27+0.30  0.955+0.008 0.115+0.002  0.840+0.007 0.048+0.004
+ TDiv-SDiv 80.02+0.07  0.792+0.004 0.067+0.001  0.772+0.003  0.041-+0.003

Table 2:

Results on CIFAR-100 with DE-4 teacher.



Results on Image Classification Tasks

More experimental results are available in the paper:

- Additional experiments on CIFAR-10/100 further verify effectiveness of
our approach; (1) robustness to common corruptions [Hendrycks and Dietterich,
20191, and (2) predictive uncertainty on out-of-distribution data.

- We also verify the scalability of our approach on large-scale datasets,
including TinylmageNet and ImageNet-1k [russakovsky et al, 2015].

- Analysis of training and testing runtime further clarifies the difference
between BE and LatentBE.
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