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One learner for all?
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Motivation

 Undesirable increase in the natural error when the adversarial error
decreases (e.g. TRADES, FAT)

* Not flexible training configurations in the joint training framework
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Framework

« Epoch<t’
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fort«— 1,2,--- T do

Sample a minibatch (z, y) from data distribution D1

/* Parallel-1: Update parameters of base learner-1 over D1%
(Optional) Performing model ensembling, data augmentation or label
smoothing, etc.

On — Zn []E(x,y) (Veel (Z, Y O‘n)), Tn]

/* Parallel-2: Update parameters of base learner-2 over D%/

x(, < T + &, € ~ Uniform(—e, ).

fork« 1,2,--- K do

T} Hz;celle(z) (K,sign (:r:;c_l + Vz;c_leg(a:;c_l, Y; 9,-)))
end for
(Optional) Performing model ensembling, data augmentation or label
smoothing, etc.
Or < Zr []E(a:’,y) (V952($IK » Y5 97‘)), T'r]

end for



Framework

« Epoch<t’
fort«— 1,2,--- T do
Sample a minibatch (z, y) from data distribution D1
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/* For the global learner®/
0« '8y + (1 —a')(v0r + (1 —7)0n)

end if
end for



Framework

« Epoch > t'

fort« 1,2,--- ,Tdo
Sample a minibatch (z, y) from data distribution D1
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if t > t’ and t mod ¢ == 0 then
Or,0n — 0,
end if
end for



Advantages

» Decouple task-aware assignments from joint training
« Each base learner can wield customized strategies (e.g., EMA,
augmentations) for better performance
« Lower error in sub-tasks results in a lower error bound for the global

learner (Theorem 1)

> Initialize base learners from the global learner
« Enable fast learning within a given assignment and improve

generalization (Claim in Section 3.3)



Experiments

« ResNet-18 on CIFAR-10

Method | NAT PGD20 PGDI0O0O MIM CwW APGD.. APGDy, APGD; FAT:; Square AA

NT 93.04 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
AT (B8 =1) 84.32 48.29 48.12 4795 49.57 47.47 48.57 45.14 46.17 54.21 44.37
AT (B =1/2) 87.84 44.51 44.53 4730 4493 40.58 42.55 40.20 44.56 50.76  40.06
TRADES (A =6) | 83.91 54.25 52.21 55.65 52.22 53.47 50.89 48.23 48.53 5575  48.20
TRADES (A =1) | 87.88 45.58 45.60 4791 45.05 42.95 42.49 40.38 43.89 53.49  40.32
FAT 87.72 46.69 46.81 47.03  49.66 46.20 47.51 44.88 45.76 5298 43.14
IAT 84.60 40.83 40.87 43.07  39.57 37.56 37.95 35.13 36.06 4930  35.13
RST 84.71 44.23 4431 4533 4282 41.25 42.01 40.41 46.54 50.49  37.68
Generalist | 89.09 50.01 50.00 52.19 50.04 46.53 48.70 46.37 47.32 56.68  46.07
 WRN-32-10 on CIFAR-10

Method | NAT PGD20 PGDIO0O MIM CW APGD.. APGDyg, APGD; FAT:; Square AA

NT 93.30 0.01 0.02 0.05 0.00 0.00 0.00 0.00 0.87 0.28 0.00
AT (B =1) 87.32 49.01 48.83 48.25 52.80 48.83 49.00 46.34 48.17 5426  46.11
AT (B =1/2) 89.27 48.95 48.86 51.35  49.56 45.98 47.66 44.89 46.42 56.83  44.81
TRADES (A =6) | 85.11 54.58 54.82 55.67 5491 54.89 55.50 52.71 52.61 57.62 5219
TRADES (A =1) | 87.20 51.33 51.65 52.47 53.19 51.60 51.88 49.97 50.01 54.83  49.81
FAT 89.65 48.74 48.69 4824  52.11 48.50 48.81 46.70 46.17 51.51 44.73
IAT 87.93 50.55 50.72 52.37 48.71 47.71 46.55 43.84 45.78 56.52  43.80
RST 87.27 46.55 46.76 47.02  45.99 45.73 46.58 45.78 43.18 52.44  41.52
Generalist | 91.03 56.88 56.92 58.87 57.23 53.94 55.80 53.00 53.65 63.10 5291




Communication frequency and mixing ratio
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Methods
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Conclusion

* Propose a bi-expert framework named Generalist for mitigating the tradeoff

between natural and robust generalization

« By decoupling from the joint training paradigm, each base learner can wield
customized strategies based on data distribution

« Theoretically and empirically justify the effectiveness of Generalist
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