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Overview

Complement Objective Training (COT) is a new
training paradigm that updates neural network
parameters by alternating iteratively between the
primary objective and the complement objective.
Conventionally, training with cross entropy as the
primary objective aims at maximizing the pre-
dicted probability of the ground-truth class, while
we propose Complement entropy as the com-
plement objective for neutralizing the predicted
probabilities of the complement classes. Train-
ing with the complement objective further im-
proves the performance of the state-of-the-art mod-
els across all tasks.
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• C(·) is the Complement entropy.
•H(·) is the Entropy function.
• g is the index of the ground-truth class.
• yi is the One-hot vector representing the label of
the ith sample.

• ŷi is the predicted probability for each class for
the ith sample.

• ŷc̄ are the Predicted probabilities of of the
complement (incorrect) classes.

• yij or ŷij is the jth class (element) of yi or ŷi.
• N is the total number of samples and total
number of classes.

Latent Space Visualization

The cluster of each class trained with COT is
“narrower” in terms of intra-cluster distance and
the clusters also seem to have clean and separable
boundaries, leading to more accurate and robust
classification results.

With only the primary objective (cross-entropy).

With both primary and complement objectives.

Training Algorithm

In every training steps, you just need to update
model parameters alternatively with primary ob-
jective and complement objective as below.

1.Update model parameters by minimizing
cross-entropy.

2.Update model parameters by maximizing
Complement entropy.

CIFAR10 Results (Err. in %)

Model Baseline COT
ResNet-110 7.56 6.84 (6.99±0.12)
PreAct ResNet-18 5.46 4.86 (5.08±0.14)
ResNeXt-29 (2×64d) 5.20 4.55 (4.69±0.12)
WideResNet-28-10 4.40 4.30 (4.34±0.03)
DenseNet-BC-121 4.72 4.62 (4.67±0.03)

Single-Step Adversarial
Robustness (Err. in %)

Due to COT generates embeddings where the
class boundaries are well-separated, we conduct
FGSM white-box attacks on COT, which pertur-
bations are generated based on the sum of the pri-
mary gradient and the complement gradient.

Model Baseline COT
ResNet-110 62.23 52.72
PreAct ResNet-18 65.60 56.17
ResNeXt-29 (2×64d) 70.24 61.55
WideResNet-28-10 59.39 55.53
DenseNet-BC-121 65.97 55.99

Future Works

•Non-entropy-based complement objectives
•The exploration of COT on broader applications
(e.g. Object detection, Segmentation, GAN)

•The behavior of COT on more advanced
adversarial attacks
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