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1 Problem 1

1.1 Approaches

1. (a) Issue: I was facing issues in the training of GANs, where the loss of the discriminator would quickly

go to zero and then not change at all (See Figure 1). In these situations the accuracy was coming

out to be extremely low, around 10%. This indicated a failure in proper training of the GAN [4].

(b) Resolution: Referring to [1], [3], [5], I decided to introduce adding a noise to the discriminator

features at every layer. This helped take care of the “vanishing gradients” problem. This would make

it more challenging for the discriminator and prevent it from driving the loss to zero quickly

Figure 1: Loss plots for GAN with vanishing gradient

2. (a) Issue: I also encountered situation where the discriminator’s loss would reduce extremely quickly

and the generator would not be able to compete with it and would start producing noise.

(b) Resolution: I overcame this by training the generator more as compared to the generator as sug-

gested in [5], [2]. I also added Feature matching loss for the generator as suggested in [9].

3. (a) Issue: I also observed blowing up of losses in both discriminator and generator while training.

(b) Resolution: To overcome this, I had introduced Weight Normalisation layers in the discriminator

and generator, taking reference from [5], [9].

1.2 Pre-training results

1.2.1 Training Details

• For pre-training, in accordance with [9], I trained a vanilla GAN on the unsupervised objective for dis-

criminator and the feature matching objective for the generator.

• For hyper-parameter settings, I referred to [6] as it is the original paper’s code.

1.2.2 Results

• The loss plots for pre-training for both M = 16 and M = 32 are shown in Figure 2.

• The classification performance after pre-training is shown in Table 1
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(a) M = 16, N = 100

(b) M = 32, N = 100

Figure 2: Loss plots for pre-training

M = 16 M = 32

Accuracy 0.92 0.93

mAP 0.954 0.962

Table 1: Classification performance for pre-training

1.3 Triplet training results

1.3.1 Training details

• For pre-training, in accordance with [9], I trained the model with a supervised objective based on triplet

loss, in addition to the unsupervised objective.

• For hyperparameter settings, I took the settings from [6] as it is the original code for the paper.

1.3.2 Results

• The loss plots for triplet training for M = 16 and M = 32 are shown in Figure 3.

(a) M = 16, N = 100 (b) M = 32, N = 100

Figure 3: Loss plots for triplet training

• The classification performance is shown in Table 2
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M = 16 M = 32

Accuracy 0.96 0.96

mAP 0.98 0.983

Table 2: Classification performance for triplet training when N = 100

1.4 Triplet training with more training examples

1.4.1 Training details

• Results were calculated for N = 200, as required.

• Zeiba et. al. [9], state that they calculated results for N = 200, but they do not state whether they

have followed their previous scheme of sampling 60,000 random triplets in each epoch for training or not.

Hence, I have followed this practice here also.

1.4.2 Results

• The loss plots for M = 16 and M = 32 are given in Figure 4.

(a) M = 16, N = 200 (b) M = 32, N = 200

Figure 4: Loss plots for triplet training at N = 200

• The classification performance is given in Table 3

M = 16 M = 32

N = 100 N = 200 N = 100 N = 200

Accuracy 0.96 0.96 0.96 0.96

mAP 0.98 0.982 0.983 0.984

Table 3: Classification performance comparison for triplet-training with more labelled examples (N = 200)
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2 Appendix

This section shows some generated images for each training scenario at di↵erent stages in the training.

(a) Epoch 1 (b) Epoch 25 (c) Epoch 50

Figure 5: Generated images while pre-training M = 16, N = 100

(a) Epoch 1 (b) Epoch 25 (c) Epoch 50

Figure 6: Generated images while triplet training M = 16, N = 100

(a) Epoch 1 (b) Epoch 25 (c) Epoch 50

Figure 7: Generated images while pre-training M = 32, N = 100

(a) Epoch 1 (b) Epoch 25 (c) Epoch 50

Figure 8: Generated images while triplet training M = 32, N = 100
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