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1 Parakeet Auklet vs Crested Auklet AUC on CUB dataset (SCS
split)


We hypothesized that our method is better in generalization than standard generative
ZSL approaches at L51-151 in the main paper. We conduct an additional experiment to
verify this claim by plotting the Seen-Unseen curves for only Parakeet Auklet among
the seen classes and Crested Auklet among the unseen classes. We note that the pre-
diction space (T) still includes the 200 CUB species (see Fig 1), but with a focus on
analyzing these two categories. The AUC for the baseline GAZSL is 0.139 and for our
CIZSL (GAZSL + our loss) is 0.271 ≈ 100% relative improvement for discriminating
these two classes. This demonstrates how the confusion between those two classes is
drastically reduced by using our loss, especially for the unseen Crested Auklet (x-axis).


Fig. 1: Seen Unseen Curve for Parakeet Auklet (Seen) on the y-axis versus Crested
Auklet (unseen) on the x-axis for GAZSL and CIZSL (GAZSL+our loss)
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2 Divergence Measures


We generalize the expression of the creativity term to a broader family of divergences,
unlocking new way of enforcing deviation from seen classes.


In [1], Sharma-Mittal divergence was studied, originally introduced [2]. Given two
parameters (α and β), the Sharma-Mittal (SM) divergence SMα,β(p‖q), between two
distributions p and q is defined ∀α > 0, α 6= 1, β 6= 1 as
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It was shown in [1] that most of the widely used divergence measures are special cases
of SM divergence. For instance, each of the Rényi, Tsallis and Kullback-Leibler (KL)
divergences can be defined as limiting cases of SM divergence as follows:
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In particular, the Bhattacharyya divergence [3], denoted by B(p‖q) is a limit case of
SM and Rényi divergences as follows as β → 1, α→ 0.5


B(p‖q) = 2 lim
β→1,α→0.5
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Since the notion of creativity in our work is grounded to maximizing the deviation
from existing shapes and textures through KL divergence, we can generalize our MCE
creativity loss by minimizing Sharma Mittal (SM) divergence between a uniform dis-
tribution and the softmax output D̂ as follows


LSM = SM(α, β)(D̂||u) = SM(α, β)(D̂||u) = 1
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3 Training Algorithm


To train our model, we consider visual-semantic feature pairs, images and text, as a
joint observation. Visual features are produced either from real data or synthesized by
our generator. We illustrate in algorithm 1 how G and D are alternatively optimized
with an Adam optimizer. The algorithm summarizes the training procedure. In each
iteration, the discriminator is optimized for nd steps (lines 6 − 11), and the generator
is optimized for 1 step (lines 12 − 14). It is important to mention that when Le has
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parameters parameters like γ and β for Sharma-Mittal(SM) divergence, in Eq. 7, that
we update these parameters as well by an Adam optimizer and we perform min-max
normalization for Le within each batch to keep the scale of the loss function the same.
We denote the parameters of the entropy function as θE (lines 15). Also, we perform
min-max normalization at the batch level for the entropy loss in equation 5


Algorithm 1 Training procedure of our approach. We use default values of nd = 5,
α = 0.001, β1 = 0.5, β2 = 0.9
1: Input: the maximal loops Nstep, the batch size m, the iteration number of discriminator in


a loop nd, the balancing parameter λp, Adam hyperparameters α1, β1, β2.
2: for iter = 1, ..., Nstep do
3: Sample random text minibatches ta, tb, noise zh


4: Construct th using Eq.6 with different α for each row in the minibatch
5: x̃h ← G(th, zh)
6: for t = 1, ..., nd do
7: Sample a minibatch of images x, matching texts t, random noise z
8: x̃← G(t, z)
9: Compute the discriminator loss LD using Eq. 4


10: θD ← Adam(5θDLD, θD, α1, β1, β2)
11: end for
12: Sample a minibatch of class labels c, matching texts Tc, random noise z
13: Compute the generator loss LG using Eq. 5
14: θG ← Adam(5θGLG, θ, α1, β1, β2)
15: θE ← Adam(5θELG, θ, α1, β1, β2)
16: end for


4 Zero-Shot Retrieval Qualitative Samples


Figure 2 shows qualitative examples of successful and unsuccessful retrieval in CUB-
SCS(easy). Even when the model fails to retrieve the exact unseen class, it tends to
retrieve visually similar images.


Fig. 2: Qualitative results of zero-shot retrieval on CUB dataset using SCS setting.
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We show several examples of the retrieval on CUB dataset using SCS split setting.
Given a query semantic representation of an unseen class, the task is to retrieve images
from this class. Each row is an unseen class. We show three correct retrievals as well
as one incorrect retrieval, randomly picked. We note that, even when the method fails
to retrieve the correct class, it tends to retrieve visually similar images. For instance,
in the Red bellied Woodpecker example (last row in the first subfigure). Our algorithm
mistakenly retrieves an image of the red headed woodpecker. It is easy to notice the
level of similarity between the two classes, given that both of them are woodpeckers
and contain significant red colors on their bodies.


Fig. 3: Qualitative results of zero-shot retrieval on CUB dataset using SCS setting.
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5 Ablation Study


In this section we perform an ablation study to investigate best distribution for α in
Eq. 6. Unlike our experiments in section 5 of original text where λ is cross validated,
in this ablation we fix λ to examine the effect of changing α distribution on α, we
achieve better performance. We observe that when we introduce more variation. Note
that generalized Seen-Unseen AUC accuracy is very similar to the results reported in
Table 4 of the main paper.


Metric Top-1 Accuracy (%) Seen-Unseen AUC (%)


Dataset CUB NAB CUB NAB
Split-Mode SCS SCE SCS SCE SCS SCE SCS SCE


GAZSL [4]- No creative loss 43.7 10.3 35.6 8.6 35.4 8.7 20.4 5.8


α = 0.5 45.7 13.9 38.6 9.1 39.6 11.2 24.2 6.0
α ∼ U(0, 1) 45.3 13.2 38.4 9.7 39.7 11.4 24.1 7.3


α ∼ U(0.2, 0.8) 45.3 13.7 38.8 9.7 39.7 11.8 24.6 6.7


Table 1: Ablation Study using Zero-Shot recognition on CUB & NAB datasets with
two split settings. We experiment the best α distribution in Eq. 6 of original text.


6 Visual Representation


Zhang et al. [5] showed that fine-grained recognition of bird species can be improved by
detecting objects parts and learning a part-based learning representations on top. More
specifically, ROI pooling is performed on the detected bird parts (e.g., wing, head) then
semantic features are extracted for each part as a representation. They named their net-
work Visual Part Detector/Encoder network (VPDE-net) which has VGG [6] as back-
bone architecture. We use the VPDE-net as our feature extractor of images for all our
experiments on fine-grained bird recognition data sets, so are all the baselines.


Fig. 4: t-SNE visualization of features of randomly selected unseen classes. Compared
to GAZSL[4], our method preserves more inter-class discrimination.
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CIZSL-Code/models.py

import torch
import torch.nn as nn

rdc_text_dim = 1000
z_dim = 100
h_dim = 4086


class _param:
    def __init__(self):
        self.rdc_text_dim = rdc_text_dim
        self.z_dim = z_dim
        self.h_dim = h_dim


# reduce to dim of text first
class _netG(nn.Module):
    def __init__(self, text_dim=11083, X_dim=3584):
        super(_netG, self).__init__()
        self.rdc_text = nn.Linear(text_dim, rdc_text_dim)
        self.main = nn.Sequential(nn.Linear(z_dim + rdc_text_dim, h_dim),
                                  nn.LeakyReLU(),
                                  nn.Linear(h_dim, X_dim),
                                  nn.Tanh())

    def forward(self, z, c):
        rdc_text = self.rdc_text(c)
        input = torch.cat([z, rdc_text], 1)
        output = self.main(input)
        return output


class _netD(nn.Module):
    def __init__(self, y_dim=150, X_dim=3584):
        super(_netD, self).__init__()
        # Discriminator net layer one
        self.D_shared = nn.Sequential(nn.Linear(X_dim, h_dim),
                                      nn.ReLU())
        # Discriminator net branch one: For Gan_loss
        self.D_gan = nn.Linear(h_dim, 1)
        # Discriminator net branch two: For aux cls loss
        self.D_aux = nn.Linear(h_dim, y_dim)

    def forward(self, input):
        h = self.D_shared(input)
        return self.D_gan(h), self.D_aux(h)
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CIZSL-Code/train_CIZSL.py

import os

os.environ['TF_CPP_MIN_LOG_LEVEL'] = "3"

import torch
import torch.optim as optim
import torch.nn.init as init
import torch.nn.functional as F
import torch.autograd as autograd
from torch.autograd import Variable

from sklearn.metrics.pairwise import cosine_similarity
from sklearn.preprocessing import normalize
import scipy.integrate as integrate
from time import gmtime, strftime
import matplotlib
matplotlib.use('Agg')
import matplotlib.pyplot as plt
import torch.nn as nn
import numpy as np
import argparse
import random
import glob
import copy
import sys

from dataset import FeatDataLayer, LoadDataset, LoadDataset_NAB
from models import _netD, _netG, _param

parser = argparse.ArgumentParser()

parser.add_argument('--dataset', type=str, help='dataset to be used: CUB/NAB', default='CUB')
parser.add_argument('--splitmode', type=str, help='the way to split train/test data: easy/hard', default='hard')
parser.add_argument('--model_number', type=int, help='Model-Number: 1 for KL, 2 for Sharma-Entropy, 3 for Bachatera,'
                                                     '4 for Tsallis, 5 for Renyi, 6 K+1 Classification', default=2)
parser.add_argument('--exp_name', default='Reproduce', type=str, help='Experiment Name')
parser.add_argument('--main_dir', default='./', type=str,
                    help='Main Directory including data folder')

parser.add_argument('--creativity_weight', type=float, default=0.1, help='Weight of CIZSL loss- '
                                                                         'Varies by Dataset & SplitMode- '
                                                                         'Best values are in main function - '
                                                                         'Can be obtained by running cross-validation')
parser.add_argument('--validate', default=0, type=int, help='1 to validate and find best creativity weight, '
                                                             'otherwise use --creativity_weight')

parser.add_argument('--SM_Alpha', default='0.5', type=float, help='alpha weight of SM divergence')
parser.add_argument('--SM_Beta', default='0.9999', type=float, help='beta weight of SM divergence')
parser.add_argument('--gpu', default='0', type=str, help='index of GPU to use')
parser.add_argument('--manualSeed', type=int, help='manual seed')
parser.add_argument('--resume', type=str, help='the model to resume')
parser.add_argument('--disp_interval', type=int, default=20)
parser.add_argument('--save_interval', type=int, default=200)
parser.add_argument('--evl_interval', type=int, default=40)

opt = parser.parse_args()
print(opt)

os.environ['CUDA_VISIBLE_DEVICES'] = opt.gpu

""" hyper-parameter for training """
opt.GP_LAMBDA = 10  # Gradient penalty lambda
opt.CENT_LAMBDA = 1
opt.REG_W_LAMBDA = 0.001
opt.REG_Wz_LAMBDA = 0.0001

opt.lr = 0.0001
opt.batchsize = 1000

""" hyper-parameter for testing"""
opt.nSample = 60  # number of fake feature for each class
opt.Knn = 20  # knn: the value of K
max_accuracy = -1

if opt.manualSeed is None:
    opt.manualSeed = random.randint(1, 10000)
print("Random Seed: ", opt.manualSeed)
random.seed(opt.manualSeed)
torch.manual_seed(opt.manualSeed)
torch.cuda.manual_seed_all(opt.manualSeed)

main_dir = opt.main_dir


class ListModule(nn.Module):
    def __init__(self, *args):
        super(ListModule, self).__init__()
        idx = 0
        for module in args:
            self.add_module(str(idx), module)
            idx += 1

    def __getitem__(self, idx):
        if idx < 0 or idx >= len(self._modules):
            raise IndexError('index {} is out of range'.format(idx))
        it = iter(self._modules.values())
        for i in range(idx):
            next(it)
        return next(it)

    def __iter__(self):
        return iter(self._modules.values())

    def __len__(self):
        return len(self._modules)


class Scale(nn.Module):
    def __init__(self, num_scales):
        super(Scale, self).__init__()
        self.layers = []
        self.layers.append(nn.Linear(1, num_scales, bias=False))
        self.layer_module = ListModule(*self.layers)

    def forward(self, x):
        out = x
        for layer in self.layers:
            out = layer(out)
        return out


def train(creative_weight=1000, model_num=1, is_val=True):
    param = _param()
    if opt.dataset == 'CUB':
        dataset = LoadDataset(opt, main_dir, is_val)
        exp_info = 'CUB_EASY' if opt.splitmode == 'easy' else 'CUB_HARD'
    elif opt.dataset == 'NAB':
        dataset = LoadDataset_NAB(opt, main_dir, is_val)
        exp_info = 'NAB_EASY' if opt.splitmode == 'easy' else 'NAB_HARD'
    else:
        print('No Dataset with that name')
        sys.exit(0)
    param.X_dim = dataset.feature_dim
    opt.Creative_weight = creative_weight

    data_layer = FeatDataLayer(dataset.labels_train, dataset.pfc_feat_data_train, opt)
    result = Result()

    ones = Variable(torch.Tensor(1, 1))
    ones.data.fill_(1.0)

    netG = _netG(dataset.text_dim, dataset.feature_dim).cuda()
    netG.apply(weights_init)
    if model_num == 6:
        netD = _netD(dataset.train_cls_num + 1, dataset.feature_dim).cuda()
    else:
        netD = _netD(dataset.train_cls_num, dataset.feature_dim).cuda()
    netD.apply(weights_init)

    if model_num == 2:
        log_SM_ab = Scale(2)
        log_SM_ab = nn.DataParallel(log_SM_ab).cuda()
    elif model_num == 4 or model_num == 5:
        log_SM_ab = Scale(1)
        log_SM_ab = nn.DataParallel(log_SM_ab).cuda()

    exp_params = 'Model_{}_CAN{}_Eu{}_Rls{}_RWz{}_{}'.format(model_num, opt.Creative_weight, opt.CENT_LAMBDA,
                                                             opt.REG_W_LAMBDA, opt.REG_Wz_LAMBDA, opt.exp_name)

    out_subdir = main_dir + 'out/{:s}/{:s}'.format(exp_info, exp_params)
    if not os.path.exists(out_subdir):
        os.makedirs(out_subdir)

    log_dir = out_subdir + '/log_{:s}.txt'.format(exp_info)
    with open(log_dir, 'a') as f:
        f.write('Training Start:')
        f.write(strftime("%a, %d %b %Y %H:%M:%S +0000", gmtime()) + '\n')

    start_step = 0

    if opt.resume:
        if os.path.isfile(opt.resume):
            print("=> loading checkpoint '{}'".format(opt.resume))
            checkpoint = torch.load(opt.resume)
            netG.load_state_dict(checkpoint['state_dict_G'])
            netD.load_state_dict(checkpoint['state_dict_D'])
            start_step = checkpoint['it']
            print(checkpoint['log'])
        else:
            print("=> no checkpoint found at '{}'".format(opt.resume))

    if model_num == 2 or model_num == 4 or model_num == 5:
        nets = [netG, netD, log_SM_ab]
    else:
        nets = [netG, netD]

    tr_cls_centroid = Variable(torch.from_numpy(dataset.tr_cls_centroid.astype('float32'))).cuda()
    optimizerD = optim.Adam(netD.parameters(), lr=opt.lr, betas=(0.5, 0.9))
    optimizerG = optim.Adam(netG.parameters(), lr=opt.lr, betas=(0.5, 0.9))
    if model_num == 2 or model_num == 4 or model_num == 5:
        optimizer_SM_ab = optim.Adam(log_SM_ab.parameters(), lr=opt.lr, betas=(0.5, 0.999))

    for it in range(start_step, 3000 + 1):
        # Creative Loss
        blobs = data_layer.forward()
        labels = blobs['labels'].astype(int)
        new_class_labels = Variable(
            torch.from_numpy(np.ones_like(labels) * dataset.train_cls_num)).cuda()
        text_feat_1 = np.array([dataset.train_text_feature[i, :] for i in labels])
        text_feat_2 = np.array([dataset.train_text_feature[i, :] for i in labels])
        np.random.shuffle(text_feat_1)  # Shuffle both features to guarantee different permutations
        np.random.shuffle(text_feat_2)
        alpha = (np.random.random(len(labels)) * (.8 - .2)) + .2

        text_feat_mean = np.multiply(alpha, text_feat_1.transpose())
        text_feat_mean += np.multiply(1. - alpha, text_feat_2.transpose())
        text_feat_mean = text_feat_mean.transpose()
        text_feat_mean = normalize(text_feat_mean, norm='l2', axis=1)
        text_feat_Creative = Variable(torch.from_numpy(text_feat_mean.astype('float32'))).cuda()
        z_creative = Variable(torch.randn(opt.batchsize, param.z_dim)).cuda()
        G_creative_sample = netG(z_creative, text_feat_Creative).detach()

        """ Discriminator """
        for _ in range(5):
            blobs = data_layer.forward()
            feat_data = blobs['data']  # image data
            labels = blobs['labels'].astype(int)  # class labels

            text_feat = np.array([dataset.train_text_feature[i, :] for i in labels])
            text_feat = Variable(torch.from_numpy(text_feat.astype('float32'))).cuda()
            X = Variable(torch.from_numpy(feat_data)).cuda()
            y_true = Variable(torch.from_numpy(labels.astype('int'))).cuda()
            z = Variable(torch.randn(opt.batchsize, param.z_dim)).cuda()

            # GAN's D loss
            D_real, C_real = netD(X)
            D_loss_real = torch.mean(D_real)
            C_loss_real = F.cross_entropy(C_real, y_true)
            DC_loss = -D_loss_real + C_loss_real
            DC_loss.backward()

            # GAN's D loss
            G_sample = netG(z, text_feat).detach()
            D_fake, C_fake = netD(G_sample)
            D_loss_fake = torch.mean(D_fake)
            C_loss_fake = F.cross_entropy(C_fake, y_true)

            DC_loss = D_loss_fake + C_loss_fake
            DC_loss.backward()

            # train with gradient penalty (WGAN_GP)
            grad_penalty = calc_gradient_penalty(netD, X.data, G_sample.data)
            grad_penalty.backward()

            Wasserstein_D = D_loss_real - D_loss_fake
            optimizerD.step()
            reset_grad(nets)

        """ Generator """
        for _ in range(1):
            blobs = data_layer.forward()
            feat_data = blobs['data']  # image data
            labels = blobs['labels'].astype(int)  # class labels
            text_feat = np.array([dataset.train_text_feature[i, :] for i in labels])
            text_feat = Variable(torch.from_numpy(text_feat.astype('float32'))).cuda()

            X = Variable(torch.from_numpy(feat_data)).cuda()
            y_true = Variable(torch.from_numpy(labels.astype('int'))).cuda()
            z = Variable(torch.randn(opt.batchsize, param.z_dim)).cuda()

            G_sample = netG(z, text_feat)
            D_fake, C_fake = netD(G_sample)
            _, C_real = netD(X)

            # GAN's G loss
            G_loss = torch.mean(D_fake)
            # Auxiliary classification loss
            C_loss = (F.cross_entropy(C_real, y_true) + F.cross_entropy(C_fake, y_true)) / 2

            GC_loss = -G_loss + C_loss

            # Centroid loss
            Euclidean_loss = Variable(torch.Tensor([0.0])).cuda()
            if opt.REG_W_LAMBDA != 0:
                for i in range(dataset.train_cls_num):
                    sample_idx = (y_true == i).data.nonzero().squeeze()
                    if sample_idx.numel() == 0:
                        Euclidean_loss += 0.0
                    else:
                        G_sample_cls = G_sample[sample_idx, :]
                        Euclidean_loss += (G_sample_cls.mean(dim=0) - tr_cls_centroid[i]).pow(2).sum().sqrt()
                Euclidean_loss *= 1.0 / dataset.train_cls_num * opt.CENT_LAMBDA

            # ||W||_2 regularization
            reg_loss = Variable(torch.Tensor([0.0])).cuda()
            if opt.REG_W_LAMBDA != 0:
                for name, p in netG.named_parameters():
                    if 'weight' in name:
                        reg_loss += p.pow(2).sum()
                reg_loss.mul_(opt.REG_W_LAMBDA)

            # ||W_z||21 regularization, make W_z sparse
            reg_Wz_loss = Variable(torch.Tensor([0.0])).cuda()
            if opt.REG_Wz_LAMBDA != 0:
                Wz = netG.rdc_text.weight
                reg_Wz_loss = Wz.pow(2).sum(dim=0).sqrt().sum().mul(opt.REG_Wz_LAMBDA)

            # D(C| GX_fake)) + Classify GX_fake as real
            D_creative_fake, C_creative_fake = netD(G_creative_sample)
            if model_num == 1:  # KL Divergence
                G_fake_C = F.log_softmax(C_creative_fake)
            else:
                G_fake_C = F.softmax(C_creative_fake)

            if model_num == 1:  # KL Divergence
                entropy_GX_fake = (G_fake_C / G_fake_C.data.size(1)).mean()
            elif model_num == 2:  # SM Divergence
                q_shape = Variable(torch.FloatTensor(G_fake_C.data.size(0), G_fake_C.data.size(1))).cuda()
                q_shape.data.fill_(1.0 / G_fake_C.data.size(1))

                SM_ab = F.sigmoid(log_SM_ab(ones))
                SM_a = 0.2 + torch.div(SM_ab[0][0], 1.6666666666666667).cuda()
                SM_b = 0.2 + torch.div(SM_ab[0][1], 1.6666666666666667).cuda()
                pow_a_b = torch.div(1 - SM_a, 1 - SM_b)
                alpha_term = (torch.pow(G_fake_C + 1e-5, SM_a) * torch.pow(q_shape, 1 - SM_a)).sum(1)
                entropy_GX_fake_vec = torch.div(torch.pow(alpha_term, pow_a_b) - 1, SM_b - 1)
            elif model_num == 3:  # Bachatera Divergence
                q_shape = Variable(torch.FloatTensor(G_fake_C.data.size(0), G_fake_C.data.size(1))).cuda()
                q_shape.data.fill_(1.0 / G_fake_C.data.size(1))
                SM_a = Variable(torch.FloatTensor(1, 1)).cuda()
                SM_a.data.fill_(opt.SM_Alpha)
                SM_b = Variable(torch.FloatTensor(1, 1)).cuda()
                SM_b.data.fill_(opt.SM_Alpha)
                pow_a_b = torch.div(1 - SM_a, 1 - SM_b)
                alpha_term = (torch.pow(G_fake_C + 1e-5, SM_a) * torch.pow(q_shape, 1 - SM_a)).sum(1)
                entropy_GX_fake_vec = -torch.div(torch.pow(alpha_term, pow_a_b) - 1, SM_b - 1)
            elif model_num == 4:  # Tsallis Divergence
                q_shape = Variable(torch.FloatTensor(G_fake_C.data.size(0), G_fake_C.data.size(1))).cuda()
                q_shape.data.fill_(1.0 / G_fake_C.data.size(1))

                SM_ab = F.sigmoid(log_SM_ab(ones))
                SM_a = 0.2 + torch.div(SM_ab[0][0], 1.6666666666666667).cuda()
                SM_b = SM_a
                pow_a_b = torch.div(1 - SM_a, 1 - SM_b)
                alpha_term = (torch.pow(G_fake_C + 1e-5, SM_a) * torch.pow(q_shape, 1 - SM_a)).sum(1)
                entropy_GX_fake_vec = -torch.div(torch.pow(alpha_term, pow_a_b) - 1, SM_b - 1)
            elif model_num == 5:  # Renyi Divergence
                q_shape = Variable(torch.FloatTensor(G_fake_C.data.size(0), G_fake_C.data.size(1))).cuda()
                q_shape.data.fill_(1.0 / G_fake_C.data.size(1))

                SM_ab = F.sigmoid(log_SM_ab(ones))
                SM_a = 0.2 + torch.div(SM_ab[0][0], 1.6666666666666667).cuda()
                SM_b = Variable(torch.FloatTensor(1, 1)).cuda()
                SM_b.data.fill_(opt.SM_Beta)
                pow_a_b = torch.div(1 - SM_a, 1 - SM_b)
                alpha_term = (torch.pow(G_fake_C + 1e-5, SM_a) * torch.pow(q_shape, 1 - SM_a)).sum(1)
                entropy_GX_fake_vec = -torch.div(torch.pow(alpha_term, pow_a_b) - 1, SM_b - 1)

            if model_num == 6:
                loss_creative = F.cross_entropy(C_creative_fake, new_class_labels)
            else:
                if model_num != 1:
                    # Normalize SM-Divergence & Report mean
                    min_e, max_e = torch.min(entropy_GX_fake_vec), torch.max(entropy_GX_fake_vec)
                    entropy_GX_fake_vec = (entropy_GX_fake_vec - min_e) / (max_e - min_e)
                    entropy_GX_fake = -entropy_GX_fake_vec.mean()
                loss_creative = -opt.Creative_weight * entropy_GX_fake

            disc_GX_fake_real = -torch.mean(D_creative_fake)
            total_loss_creative = loss_creative + disc_GX_fake_real

            all_loss = GC_loss + Euclidean_loss + reg_loss + reg_Wz_loss + total_loss_creative
            all_loss.backward()
            if model_num == 2 or model_num == 4 or model_num == 5:
                optimizer_SM_ab.step()
            optimizerG.step()
            reset_grad(nets)

        if it % opt.disp_interval == 0 and it:
            acc_real = (np.argmax(C_real.data.cpu().numpy(), axis=1) == y_true.data.cpu().numpy()).sum() / float(
                y_true.data.size()[0])
            acc_fake = (np.argmax(C_fake.data.cpu().numpy(), axis=1) == y_true.data.cpu().numpy()).sum() / float(
                y_true.data.size()[0])

            log_text = 'Iter-{}; Was_D: {:.4}; Euc_ls: {:.4}; reg_ls: {:.4}; Wz_ls: {:.4}; G_loss: {:.4}; D_loss_real: {:.4};' \
                       ' D_loss_fake: {:.4}; rl: {:.4}%; fk: {:.4}%' \
                .format(it, Wasserstein_D.data[0], Euclidean_loss.data[0], reg_loss.data[0], reg_Wz_loss.data[0],
                        G_loss.data[0], D_loss_real.data[0], D_loss_fake.data[0], acc_real * 100, acc_fake * 100)
            print(log_text)
            with open(log_dir, 'a') as f:
                f.write(log_text + '\n')

        if it % opt.evl_interval == 0 and it >= 100:
            netG.eval()
            cur_acc = eval_fakefeat_test(it, netG, dataset, param, result)
            cur_auc = eval_fakefeat_GZSL(netG, dataset, param, out_subdir, result)
            # print("{}: Accuracy is {:.4}%, and Generalized AUC is {:.4}%".format(it, cur_acc, cur_auc))

            if cur_acc > result.best_acc:
                result.best_auc = cur_auc
                result.best_acc = cur_acc
                files2remove = glob.glob(out_subdir + '/Best_model*')
                for _i in files2remove:
                    os.remove(_i)
                torch.save({
                    'it': it + 1,
                    'state_dict_G': netG.state_dict(),
                    'state_dict_D': netD.state_dict(),
                    'random_seed': opt.manualSeed,
                    'log': log_text,
                }, out_subdir + '/Best_model_AUC_{:.2f}.tar'.format(cur_auc))
            netG.train()
    return result


def eval_fakefeat_GZSL(netG, dataset, param, plot_dir, result):
    gen_feat = np.zeros([0, param.X_dim])
    for i in range(dataset.train_cls_num):
        text_feat = np.tile(dataset.train_text_feature[i].astype('float32'), (opt.nSample, 1))
        text_feat = Variable(torch.from_numpy(text_feat)).cuda()
        z = Variable(torch.randn(opt.nSample, param.z_dim)).cuda()
        G_sample = netG(z, text_feat)
        gen_feat = np.vstack((gen_feat, G_sample.data.cpu().numpy()))

    for i in range(dataset.test_cls_num):
        text_feat = np.tile(dataset.test_text_feature[i].astype('float32'), (opt.nSample, 1))
        text_feat = Variable(torch.from_numpy(text_feat)).cuda()
        z = Variable(torch.randn(opt.nSample, param.z_dim)).cuda()
        G_sample = netG(z, text_feat)
        gen_feat = np.vstack((gen_feat, G_sample.data.cpu().numpy()))

    visual_pivots = [gen_feat[i * opt.nSample:(i + 1) * opt.nSample].mean(0) \
                     for i in range(dataset.train_cls_num + dataset.test_cls_num)]
    visual_pivots = np.vstack(visual_pivots)

    """collect points for gzsl curve"""

    acc_S_T_list, acc_U_T_list = list(), list()
    seen_sim = cosine_similarity(dataset.pfc_feat_data_train, visual_pivots)
    unseen_sim = cosine_similarity(dataset.pfc_feat_data_test, visual_pivots)
    for GZSL_lambda in np.arange(-2, 2, 0.01):
        tmp_seen_sim = copy.deepcopy(seen_sim)
        tmp_seen_sim[:, dataset.train_cls_num:] += GZSL_lambda
        pred_lbl = np.argmax(tmp_seen_sim, axis=1)
        acc_S_T_list.append((pred_lbl == np.asarray(dataset.labels_train)).mean())

        tmp_unseen_sim = copy.deepcopy(unseen_sim)
        tmp_unseen_sim[:, dataset.train_cls_num:] += GZSL_lambda
        pred_lbl = np.argmax(tmp_unseen_sim, axis=1)
        acc_U_T_list.append((pred_lbl == (np.asarray(dataset.labels_test) + dataset.train_cls_num)).mean())

    auc_score = integrate.trapz(y=acc_S_T_list, x=acc_U_T_list) * 100.0
    plt.plot(acc_S_T_list, acc_U_T_list)
    plt.title("{:s}-{:s}-{}: {:.4}%".format(opt.dataset, opt.splitmode, opt.model_number, auc_score))
    plt.savefig(plot_dir + '/best_plot.png')
    plt.clf()
    plt.close()
    np.savetxt(plot_dir + '/best_plot.txt', np.vstack([acc_S_T_list, acc_U_T_list]))
    result.auc_list += [auc_score]
    return auc_score


def eval_fakefeat_test(it, netG, dataset, param, result):
    gen_feat = np.zeros([0, param.X_dim])
    for i in range(dataset.test_cls_num):
        text_feat = np.tile(dataset.test_text_feature[i].astype('float32'), (opt.nSample, 1))
        text_feat = Variable(torch.from_numpy(text_feat)).cuda()
        z = Variable(torch.randn(opt.nSample, param.z_dim)).cuda()
        G_sample = netG(z, text_feat)
        gen_feat = np.vstack((gen_feat, G_sample.data.cpu().numpy()))

    # cosince predict K-nearest Neighbor
    sim = cosine_similarity(dataset.pfc_feat_data_test, gen_feat)
    idx_mat = np.argsort(-1 * sim, axis=1)
    label_mat = (idx_mat[:, 0:opt.Knn] / opt.nSample).astype(int)
    preds = np.zeros(label_mat.shape[0])
    for i in range(label_mat.shape[0]):
        (values, counts) = np.unique(label_mat[i], return_counts=True)
        preds[i] = values[np.argmax(counts)]

    # produce acc
    label_T = np.asarray(dataset.labels_test)
    acc = (preds == label_T).mean() * 100

    result.acc_list += [acc]
    return acc


class Result(object):
    def __init__(self):
        self.best_acc = 0.0
        self.best_auc = 0.0
        self.best_iter = 0.0
        self.acc_list = []
        self.auc_list = []


def weights_init(m):
    classname = m.__class__.__name__
    if 'Linear' in classname:
        init.xavier_normal(m.weight.data)
        init.constant(m.bias, 0.0)


def reset_grad(nets):
    for net in nets:
        net.zero_grad()


def label2mat(labels, y_dim):
    c = np.zeros([labels.shape[0], y_dim])
    for idx, d in enumerate(labels):
        c[idx, d] = 1
    return c


def calc_gradient_penalty(netD, real_data, fake_data):
    alpha = torch.rand(opt.batchsize, 1)
    alpha = alpha.expand(real_data.size())
    alpha = alpha.cuda()

    interpolates = alpha * real_data + ((1 - alpha) * fake_data)
    interpolates = interpolates.cuda()
    interpolates = autograd.Variable(interpolates, requires_grad=True)

    disc_interpolates, _ = netD(interpolates)

    gradients = autograd.grad(outputs=disc_interpolates, inputs=interpolates,
                              grad_outputs=torch.ones(disc_interpolates.size()).cuda(),
                              create_graph=True, retain_graph=True, only_inputs=True)[0]
    gradient_penalty = ((gradients.norm(2, dim=1) - 1) ** 2).mean() * opt.GP_LAMBDA
    return gradient_penalty


def return_best_creativity_weight_validation(creative_weights=[0.0001, 0.001, 0.1, 1, 10, 100, 1000]):
    # Validation
    max_acc, best_w = -1, 1
    for cr_w in creative_weights:
        print("{:s} - {:s}".format(opt.dataset, opt.splitmode))
        print("{} - {}".format(cr_w, opt.model_number))
        print('*' * 10)
        random.seed(opt.manualSeed)
        torch.manual_seed(opt.manualSeed)
        torch.cuda.manual_seed_all(opt.manualSeed)
        result = train(cr_w, opt.model_number, is_val=False)
        if result.best_auc > max_acc:
            max_acc = result.best_auc
            max_res = result
            best_w = cr_w

    return best_w, max_res


if __name__ == "__main__":
    # Inference
    """
    Values of Cross-validation CIZSL loss weight (Sharma-Entropy)
    CUB-EASY: 0.0001
    CUB-HARD: 0.1
    NAB-EASY: 1
    NAB-HARD: 0.1
    """
    cr_weight = opt.creativity_weight
    if opt.validate == 1:
        cr_weight, _ = return_best_creativity_weight_validation()
    random.seed(opt.manualSeed)
    torch.manual_seed(opt.manualSeed)
    torch.cuda.manual_seed_all(opt.manualSeed)
    result = train(cr_weight, opt.model_number, is_val=False)
    print('=' * 15)
    print('=' * 15)
    print(opt.exp_name, opt.dataset, opt.splitmode)
    print("Accuracy is {:.4}%, and Generalized AUC is {:.4}%".format(result.best_acc, result.best_auc))
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CIZSL-Code/README.md

# CIZSL
Creativity Inspired Zero Shot Learning



# Requirements
Python 2.7

Pytorch 0.4.1

sklearn, scipy, matplotlib, numpy, random, copy


# How to run?

Data: download the [dataset CUBird and NABird](https://www.dropbox.com/s/9qovr86kgogkl6r/CUB_NAB_Data.zip

Please put the uncompressed data to the folder "data"

Set the experiment parameters as parser arguments: Dataset, Splitmode, model-number, and the **main_dir** in "train_CIZSL.py"

Set the value of creativity_weight with the corresponding value to the dataset/splitmode found in the main of "train_CIZSL.py". If the value of the weight is unknown, set 'validate' to 1, and it will perform cross-validation to obtain the optimal weight, then use it to infer the ZSL.

P.S. We obtained those values by cross-validation, which can be found in "return_best_creativity_weight_validation" function

Run "train_CIZSL.py" as follows


With Cross Validation (Slower, might take  2-3 days(each) based on the compute power)
--------------------------------------------------------------------------------
python train_CIZSL.py --dataset CUB --splitmode easy --validate 1
python train_CIZSL.py --dataset CUB --splitmode hard --validate 1
python train_CIZSL.py --dataset NAB --splitmode easy --validate 1
python train_CIZSL.py --dataset CUB --splitmode hard --validate 1


Without Cross Validation (Faster, <1 day (each)), creativity_weight selected by cross validation. 
------------------------------------------------
python train_CIZSL.py --dataset CUB --splitmode easy --creativity_weight 0.0001
python train_CIZSL.py --dataset CUB --splitmode hard --creativity_weight 0.1
python train_CIZSL.py --dataset NAB --splitmode easy --creativity_weight 1
python train_CIZSL.py --dataset CUB --splitmode hard --creativity_weight 0.1
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import numpy as np
import scipy.io as sio
import pickle


class LoadDataset(object):
    def __init__(self, opt, main_dir, is_val=True):
        txt_feat_path = main_dir + 'data/CUB2011/CUB_Porter_7551D_TFIDF_new.mat'
        if opt.splitmode == 'easy':
            train_test_split_dir = main_dir + 'data/CUB2011/train_test_split_easy.mat'
            pfc_label_path_train = main_dir + 'data/CUB2011/labels_train.pkl'
            pfc_label_path_test = main_dir + 'data/CUB2011/labels_test.pkl'
            pfc_feat_path_train = main_dir + 'data/CUB2011/pfc_feat_train.mat'
            pfc_feat_path_test = main_dir + 'data/CUB2011/pfc_feat_test.mat'
            if is_val:
                train_cls_num = 120
                test_cls_num = 30
            else:
                train_cls_num = 150
                test_cls_num = 50
        else:
            train_test_split_dir = main_dir + 'data/CUB2011/train_test_split_hard.mat'
            pfc_label_path_train = main_dir + 'data/CUB2011/labels_train_hard.pkl'
            pfc_label_path_test = main_dir + 'data/CUB2011/labels_test_hard.pkl'
            pfc_feat_path_train = main_dir + 'data/CUB2011/pfc_feat_train_hard.mat'
            pfc_feat_path_test = main_dir + 'data/CUB2011/pfc_feat_test_hard.mat'
            if is_val:
                train_cls_num = 130
                test_cls_num = 30
            else:
                train_cls_num = 160
                test_cls_num = 40

        if is_val:
            data_features = sio.loadmat(pfc_feat_path_train)['pfc_feat'].astype(np.float32)
            with open(pfc_label_path_train) as fout:
                data_labels = pickle.load(fout)

            self.pfc_feat_data_train = data_features[data_labels < train_cls_num]
            self.pfc_feat_data_test = data_features[data_labels >= train_cls_num]
            self.labels_train = data_labels[data_labels < train_cls_num]
            self.labels_test = data_labels[data_labels >= train_cls_num] - train_cls_num

            text_features, _ = get_text_feature(txt_feat_path, train_test_split_dir)  # Z_tr, Z_te
            self.train_text_feature, self.test_text_feature = text_features[:train_cls_num], text_features[
                                                                                             train_cls_num:]
            self.text_dim = self.train_text_feature.shape[1]
        else:
            self.pfc_feat_data_train = sio.loadmat(pfc_feat_path_train)['pfc_feat'].astype(np.float32)
            self.pfc_feat_data_test = sio.loadmat(pfc_feat_path_test)['pfc_feat'].astype(np.float32)
            # calculate the corresponding centroid.
            with open(pfc_label_path_train, 'rb') as fout1, open(pfc_label_path_test, 'rb') as fout2:
                self.labels_train = pickle.load(fout1)
                self.labels_test = pickle.load(fout2)

        self.train_cls_num = train_cls_num  # Y_train
        self.test_cls_num = test_cls_num  # Y_test
        self.feature_dim = self.pfc_feat_data_train.shape[1]

        # Normalize feat_data to zero-centered
        mean = self.pfc_feat_data_train.mean()
        var = self.pfc_feat_data_train.var()
        self.pfc_feat_data_train = (self.pfc_feat_data_train - mean) / var  # X_tr
        self.pfc_feat_data_test = (self.pfc_feat_data_test - mean) / var  # X_te

        self.tr_cls_centroid = np.zeros([self.train_cls_num, self.pfc_feat_data_train.shape[1]]).astype(np.float32)
        for i in range(self.train_cls_num):
            self.tr_cls_centroid[i] = np.mean(self.pfc_feat_data_train[self.labels_train == i], axis=0)

        if not is_val:
            self.train_text_feature, self.test_text_feature = get_text_feature(txt_feat_path,
                                                                               train_test_split_dir)  # Z_tr, Z_te
            self.text_dim = self.train_text_feature.shape[1]


class LoadDataset_NAB(object):
    def __init__(self, opt, main_dir, is_val=True):
        txt_feat_path = main_dir + 'data/NABird/NAB_Porter_13217D_TFIDF_new.mat'
        if opt.splitmode == 'easy':
            train_test_split_dir = main_dir + 'data/NABird/train_test_split_NABird_easy.mat'
            pfc_label_path_train = main_dir + 'data/NABird/labels_train.pkl'
            pfc_label_path_test = main_dir + 'data/NABird/labels_test.pkl'
            pfc_feat_path_train = main_dir + 'data/NABird/pfc_feat_train_easy.mat'
            pfc_feat_path_test = main_dir + 'data/NABird/pfc_feat_test_easy.mat'
            if is_val:
                train_cls_num = 258
                test_cls_num = 65
            else:
                train_cls_num = 323
                test_cls_num = 81
        else:
            train_test_split_dir = main_dir + 'data/NABird/train_test_split_NABird_hard.mat'
            pfc_label_path_train = main_dir + 'data/NABird/labels_train_hard.pkl'
            pfc_label_path_test = main_dir + 'data/NABird/labels_test_hard.pkl'
            pfc_feat_path_train = main_dir + 'data/NABird/pfc_feat_train_hard.mat'
            pfc_feat_path_test = main_dir + 'data/NABird/pfc_feat_test_hard.mat'
            if is_val:
                train_cls_num = 258
                test_cls_num = 65
            else:
                train_cls_num = 323
                test_cls_num = 81

        if is_val:
            data_features = sio.loadmat(pfc_feat_path_train)['pfc_feat'].astype(np.float32)
            with open(pfc_label_path_train) as fout:
                data_labels = pickle.load(fout)

            self.pfc_feat_data_train = data_features[data_labels < train_cls_num]
            self.pfc_feat_data_test = data_features[data_labels >= train_cls_num]
            self.labels_train = data_labels[data_labels < train_cls_num]
            self.labels_test = data_labels[data_labels >= train_cls_num] - train_cls_num

            text_features, _ = get_text_feature(txt_feat_path, train_test_split_dir)  # Z_tr, Z_te
            self.train_text_feature, self.test_text_feature = text_features[:train_cls_num], text_features[
                                                                                             train_cls_num:]
            self.text_dim = self.train_text_feature.shape[1]
        else:
            self.pfc_feat_data_train = sio.loadmat(pfc_feat_path_train)['pfc_feat'].astype(np.float32)
            self.pfc_feat_data_test = sio.loadmat(pfc_feat_path_test)['pfc_feat'].astype(np.float32)

            with open(pfc_label_path_train, 'rb') as fout1, open(pfc_label_path_test, 'rb') as fout2:
                self.labels_train = pickle.load(fout1)
                self.labels_test = pickle.load(fout2)

        self.train_cls_num = train_cls_num  # Y_train
        self.test_cls_num = test_cls_num  # Y_test
        self.feature_dim = self.pfc_feat_data_train.shape[1]

        # Normalize feat_data to zero-centered
        mean = self.pfc_feat_data_train.mean()
        var = self.pfc_feat_data_train.var()
        self.pfc_feat_data_train = (self.pfc_feat_data_train - mean) / var
        self.pfc_feat_data_test = (self.pfc_feat_data_test - mean) / var

        self.tr_cls_centroid = np.zeros([train_cls_num, self.pfc_feat_data_train.shape[1]]).astype(np.float32)
        for i in range(train_cls_num):
            self.tr_cls_centroid[i] = np.mean(self.pfc_feat_data_train[self.labels_train == i], axis=0)

        if not is_val:
            self.train_text_feature, self.test_text_feature = get_text_feature(txt_feat_path, train_test_split_dir)
            self.text_dim = self.train_text_feature.shape[1]


class FeatDataLayer(object):
    def __init__(self, label, feat_data, opt):
        assert len(label) == feat_data.shape[0]
        self._opt = opt
        self._feat_data = feat_data
        self._label = label
        self._shuffle_roidb_inds()

    def _shuffle_roidb_inds(self):
        """Randomly permute the training roidb."""
        self._perm = np.random.permutation(np.arange(len(self._label)))
        # self._perm = np.arange(len(self._roidb))
        self._cur = 0

    def _get_next_minibatch_inds(self):
        """Return the roidb indices for the next minibatch."""

        if self._cur + self._opt.batchsize >= len(self._label):
            self._shuffle_roidb_inds()

        db_inds = self._perm[self._cur:self._cur + self._opt.batchsize]
        self._cur += self._opt.batchsize

        return db_inds

    def _get_next_minibatch(self):
        """Return the blobs to be used for the next minibatch.
        """
        db_inds = self._get_next_minibatch_inds()
        minibatch_feat = np.array([self._feat_data[i] for i in db_inds])
        minibatch_label = np.array([self._label[i] for i in db_inds])
        blobs = {'data': minibatch_feat, 'labels': minibatch_label}
        return blobs

    def forward(self):
        """Get blobs and copy them into this layer's top blob vector."""
        blobs = self._get_next_minibatch()
        return blobs

    def get_whole_data(self):
        blobs = {'data': self._feat_data, 'labels': self._label}
        return blobs


def get_text_feature(dir, train_test_split_dir):
    train_test_split = sio.loadmat(train_test_split_dir)
    # get training text feature
    train_cid = train_test_split['train_cid'].squeeze()
    text_feature = sio.loadmat(dir)['PredicateMatrix']
    train_text_feature = text_feature[train_cid - 1]  # 0-based index

    # get testing text feature
    test_cid = train_test_split['test_cid'].squeeze()
    text_feature = sio.loadmat(dir)['PredicateMatrix']
    test_text_feature = text_feature[test_cid - 1]  # 0-based index
    return train_text_feature.astype(np.float32), test_text_feature.astype(np.float32)
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