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Objective and Approach

•Goal: To design quality aware regularizers for training Generative Adversarial Networks (GANs).
•Approach: Leverage structural and statistical properties of natural scenes by drawing inspiration
from image quality assessment algorithms. Specifically,
1. Structural Similarity Index (SSIM) [1],
2. Naturalness Image Quality Evaluator (NIQE) [2].

Generative Adversarial Networks (GANs) [3]

•Generative Adversarial Networks (GANs) [3] are generative models designed to learn the probability
distribution of data that is aided by adversarial learning.
•A GAN is composed of two models: the generator model G(z; θG) and the discriminator model
D(x; θD).

•Objective function:

min
G
mx

D
V(D,G) = Ex∼pdata(x)[ log(D(x))] + Ez∼pz(z)[ log(1− D(G(z)))] ,

where pdata(x) is the true data distribution and pz(z) is a simple noise distribution to draw samples
for e.g., Uniform or Gaussian distribution.

Wasserstein Generative Adversarial Network (WGAN) [4] and its Variants

•WGAN [4]: The primal form of the Wasserstein metricW(pr, pθ) for two distributions pr and pθ is
given by

W(pr, pθ) = inf
γ∈(pr,pθ)

E(x,y)∼γ[ ||x− y||2] ,

where  is the set of all possible joint distributions γ(x, y), whose marginals are pr and pθ. γ(x, y)
indicates the optimal coupling.
The dual form of the Wasserstein metric is given by

W(pr, pθ) = sp
||f||L≤1

Ex∼pr[f(x)] − Ex∼pθ[f(x)] .

Lipschitz constraint enforced by weight clipping w ∈ [−c, c].
•Wasserstein GAN with Gradient Penalty (WGAN-GP) [5]: Gradient penalty is introduced to impose
the Lipschitz constraint on the discriminator. This penalty is expressed as

||∇Dw(x)||2 ≤ 1 ∀x ∈ Rn.

The overall loss function then becomes

L = Ex∼pr[Dw(x)] − Ez∼pz[Dw(gθ(z)] + λEx̂(||∇Dw(x̂)||2 − 1)2,

where the distribution of x̂ is taken to be the uniform distributions on lines connecting points drawn
from pθ and pr .
•Banach WGAN [6]:
– Generalized the theory of WGAN-GP to Banach spaces.
– The underlying sample distance for Wasserstein metric needs to be image specific.
– Sobolev norm is used to emphasise image specific features.

|Dw(x) − Dw(y)| ≤ ||x− y||B

– The Sobolev norm ||.||B and ||.||B∗ are dual norm pairs.
– Lipschitz constraint is enforced in Banach spaces.

L =
1

γ
(Ex∼pr[Dw(x)] − Ez∼pz[Dw(gθ(z)]) + λEx̂

(︂ 1

γ
||∇Dw(x̂)||B∗ − 1)

)︂2

– Heuristics for parameter choices can be built on the assumption that D is scale preserving.

λ ≈ EX∼Pr||X||B, γ ≈ EX∼Pr||X||B∗

QAGAN - SSIM

• Structural Similarity Index (SSIM) [1]

Figure: Distorted images clearly have different perceptual qualities but have the same MSE with respect to the original!

SSIM(P(i,j), T(i,j)) = L(P(i,j), T(i,j)).C(P(i,j), T(i,j)).S(P(i,j), T(i,j)),

where P, T refer to the pristine and test image respectively. L(P(i,j), T(i,j)), C(P(i,j), T(i,j)), S(P(i,j), T(i,j))
are the local luminance, contrast and structure scores at pixel (i, j) respectively. Further,

L(P(i,j), T(i,j)) =
2μP(i, j)μT(i, j) + C1
μ2P(i, j) + μ2T(, j) + C1

C(P(i,j), T(i,j)) =
2σP(i, j)σT(i, j) + C2

σP
2(i, j) + σT

2(i, j) + C2
, S(P(i,j), T(i,j)) =

σPT(i, j) + C3
σP(i, j)σT(i, j) + C3

.

A valid distance metric is derived from the components of the SSIM index by setting C3 = C2/2 in [7]

dQ(P(i,j), T(i,j)) =
√︁
2− L(P(i,j), T(i,j)) − CS(P(i,j), T(i,j)).

This metric is bounded: 0 ≤ dQ(x, y) ≤
p
2, and correlates well with perceptual judgement.

•We introduce an SSIM based gradient penalty term as follows:

SSIM GP = EX∼Pr,Y∼PG

[︂(︂|D(X) − D(Y)|

dQ(X, Y)

)︂
− 1

]︂2

•QAGAN-SSIM

Ld =min
D∈D

(︂
Ez∼PzD(G(z)) − EX∼PrD(X)

)︂
+ λ1Ex̂∼Px̂(||∇x̂D(x̂)||2 − 1)2+

λ2EX∼Pr,G(z)∼PG

[︂(︂|D(X) − D(G(z))|

dQ(X,G(z))

)︂
− 1

]︂2

,

where λ1 and λ2 are chosen empirically.

QAGAN-SSIM Qualitative Results

Figure: Images generated using QAGAN-SSIM for CIFAR-10 (32× 32),STL-10 (48× 48) and CelebA (64× 64) datasets
respectively.

QAGAN-NIQE

•Naturalness Image Quality Evaluator (NIQE) [2]
– A statistical model for mean subtracted contrast normalized (MSCN) pristine natural scenes.

Î(i, j) =
I(i, j) − μ(i, j)

σ(i, j) + 1
–Models pristine image MSCN coefficients using generalized Gaussian distribution (GGD) and Asymmetric GGD (AGGD).
– GGD and AGGD model parameters are in turn modeled using a Multivariate Gaussian (MVG) distribution.
–NIQE score: the “distance” of a test image T’s MVG parameters μT,T from the pristine MVG parameters μP,P.

||(T|μP,P)||NIQE :=

√︃
(μP − μT)T

(︂P + T

2

)︂−1
(μP − μT).

•Hypothesis: The smoothness of the discriminator function preserves natural image properties.

Figure: (L-R): Image, MSCN coefficients of the image, spatial gradient and discriminator gradient respectively.

Figure: (L-R): Histograms of MSCN coefficients of the image, its spatial gradient and discriminator gradient respectively.
Also shown are the histograms of MSCN coefficients of distorted versions of the image and their gradients.

•We propose a MVG model for the statistics of discriminator gradient maps of pristine images.
• Introduce a local statistics preserving regularization term inspired by NIQE.
• The naturalness of a test discriminator gradient image T is computed to be its “distance” from the
pristine image gradient class.
•QAGAN-NIQE

Ld =min
D∈D

(︂
Ez∼PzD(G(z)) − EX∼PrD(X)

)︂
+ λ1Ex̂∼Px̂(||∇x̂D(x̂)||2 − 1)2+

λ2Ex̂∼Px̂(||(∇x̂D(x̂)|μP,P)||NIQE),
where λ1 and λ2 are chosen empirically.

QAGAN-NIQE Qualitative Results

Figure: Images generated using QAGAN-NIQE for CIFAR-10 ((32× 32), STL-10 (48× 48) and CelebA (64× 64) datasets
respectively.

Qualitative Results with PGGAN Architecture [8]

Figure: Randomly sampled images generated using QAGANs trained on the CelebA dataset (256× 256) with a progressively growing
architecture. Top row: PGGAN. Middle row: PGGAN with SSIM. Bottom row: PGGAN with NIQE.

Quantitative Results
Table: (L-R): FID scores for CelebA dataset, Inception scores and FID scores for STL10 and CIFAR-10 datasets respectively.

Model FID
Real Faces (CelebA) 1.09

WGAN-GP 12.89
Banach WGAN 10.5
MMD GAN-rep-b 6.79
QAGAN (SSIM) 6.421
QAGAN (NIQE) 6.504

Model IS FID
Real Data (48× 48) 26.08 ± 0.26 7.9

WGAN-GP 9.05± 0.12 55.1 ± 0.0
SNGAN 9.10 ± 0.04 40.10 ± 0.50

MMD GAN-rep 9.36 ± 0.0 36.67 ± 0.0
QAGAN (SSIM) 9.29 ± 0.05 19.77 ± 0.0091
QAGAN (NIQE) 9.1720 ± 0.08 19.45 ± 0.0013

Model IS FID
Real data (32× 32) 11.24 ± 0.12 7.80

DCGAN 6.16 ± 0.07 -
WGAN-GP 7.86 ± 0.10 40.2 ± 0.0
CTGAN 8.12 ± 0.12 -
SNGAN 8.12 ± 0.12 21.5 ± 0.21

W−
3
2,2 - Banach WGAN 8.26 ± 0.07 -

L10 - Banach WGAN 8.31 ± 0.07 -
MMD GAN-rep-b 8.29 ± 0.0 16.21 ± 0,0
QAGAN (SSIM) 8.37 ± 0.04 13.91 ± 0.105
QAGAN (NIQE) 7.87 ± 0.027 12.4697± 0.068

Conclusion
•Based on insights from both FR and NR IQA metrics, we have proposed two novel regularization approaches for the
WGAN-GP framework.
• The key takeaway from our work is that the unique local structural and statistical signature of pristine natural images
must be preserved in the generated images.
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