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Summary

• Latent space operations commonly used for Generative models, such as linear interpolation,
induce a distribution mismatch between the resulting outputs and the prior distribution the
models are trained on.

• This results in lower quality samples compared to random samples from the model.

• Previous works have attempted to reduce this mismatch with heuristic modification to the
operations[2] or by changing the latent distribution and re-training models[1].

• In this paper, we propose a framework for modifying the latent space operations such that the
distribution mismatch is fully eliminated. Our approach is based on optimal transport maps,
which adapt the latent space operations such that they fully match the prior distribution,
while minimally modifying the original operation.

• Our matched operations are readily obtained for the commonly used operations and distribu-
tions and require no adjustment to the training procedure.

Proposed method

1. We construct an ’intuitive’ operator y = κ(z1, · · · , zk), that e.g. linearly interpolates sam-
ples z1, z2 drawn from the prior pz.

2. The result y now (typically) has a different distribution than z. We analytically (or numeri-
cally) compute this (mismatched) distribution py.

3. We search for a minimal modification ỹ = f (y), such that distribution is brought back to the
prior, i.e. pỹ = pz.

4. We formalize this as an optimal transport problem, where we search for a f that minimizes
Ey[c(ỹ,y)] with respect to a cost c.

For c(x,y) := ‖x− y‖1 and operations κ that are pointwise, we obtain an analytical solution for
f that can be readily computed for common operations and priors.

Distribution Mismatch in 100-D
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(a) Uniform distribution (b) Gaussian distribution
Figure 2: Distribution of the squared norm kyk2 of midpoints for two prior distributions in 100
dimensions: (a) components uniform on [�1, 1] and (b) components Gaussian N (0, 1), for linear
interpolation, our proposed matched interpolation and the spherical interpolation proposed by White
(2016). Both linear and spherical interpolation introduce a distribution mismatch, whereas our
proposed matched interpolation preserves the prior distribution for both priors.

Strategy 1 (Optimal Transport Matched Operations).
1. We construct an ’intuitive’ operator y = (z1, · · · , zk).

2. We analytically (or numerically) compute the resulting (mismatched) distribution py

3. We search for a minimal modification ỹ = f(y) (in the sense that Ey[c(ỹ, y)] is minimal
with respect to a cost c), such that distribution is brought back to the prior, i.e. pỹ = pz .

The cost function in step 3 could e.g. be the euclidean distance c(x, y) = kx � yk, and is used to
measure how faithful the modified operator, ỹ = f((z1, · · · , zk)) is to the original operator k.
Finding the map f which gives a minimal modification can be challenging, but fortunately it is a well
studied problem from optimal transport theory. We refer to the modified operation ỹ as the matched
version of y, with respect to the cost c and prior distribution pz .

For completeness, we introduce the key concepts of optimal transport theory in a simplified setting, i.e.
assuming probability distributions are in euclidean space and skipping measure theoretical formalism.
We refer to Villani (2003; 2008) and Santambrogio (2015) for a thorough and formal treatment of
optimal transport.

The problem of step (3) above was first posed by Monge (1781) and can more formally be stated as:
Problem 1 (Santambrogio (2015) Problem 1.1). Given probability distributions px, py , with domains
X , Y respectively, and a cost function c : X ⇥ Y ! R+, we want to minimize

inf
n

Ex⇠px [c(x, f(x))]
���f : X ! Y, f(x) ⇠ py

o
(MP)

We refer to the minimizer f⇤X ! Y of (MP) (if it exists), as the optimal transport map from px to
py with respect to the cost c.

However, the problem remained unsolved until a relaxed problem was studied by Kantorovich (1942):
Problem 2 (Santambrogio (2015) Problem 1.2). Given probability distributions px, py , with domains
X , Y respectively, and a cost function c : X ⇥ Y ! R+, we want to minimize

inf
n

E(x,y)⇠px,y
[c(x, y)]

���(x, y) ⇠ px,y, x ⇠ px, y ⇠ py

o
, (KP)

where (x, y) ⇠ px,y, x ⇠ px, y ⇠ py denotes that (x, y) have a joint distribution px,y which has
(previously specified) marginals px and py .

We refer to the joint px,y which minimizes (KP) as the optimal transport plan from px to py with
respect to the cost c.

The key difference is to relax the deterministic relationship between x and f(x) to a joint probability
distribution px,y with marginals px and py for x and y. In the case of Problem 1, the minimization
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Figure 1: Distribution of the squared norm ‖y‖2 of midpoints for two prior distributions in 100 dimensions with
components i.i.d. Gaussian N (0, 1), for linear interpolation, our proposed matched interpolation and the spherical
interpolation proposed by [2]. Both linear and spherical interpolation introduce a distribution mismatch, whereas our
proposed matched interpolation preserves the prior distribution for both priors.

Distribution Mismatch in 2-D

samples from prior

linear

matched (ours)

spherical

(a) Uniform prior: Trajectories of linear interpolation, our matched interpolation and the
spherical interpolation. [2].

(b) Uniform prior distribution. (c) Linear midpoint distribution

(d) Matched midpoint distribution (ours) (e) Spherical midpoint distribution [2]

Figure 2: We show examples of distribution mismatches induced by the previous interpolation schemes when using a uniform prior in two dimensions. Our matched
interpolation avoids this with a minimal modification to the linear trajectory, traversing through the space such that all points along the path are distributed identically to
the prior.

Quantitative results

Dataset CIFAR-10 LLD-icon LSUN CelebA
Model iWGAN DCGAN DCGAN DCGAN
Prior Gaussian, 128-D Uniform, 100-D Uniform, 100-D Gaussian, 100-D

Inception scores for midpoints:

random samples 7.90± 0.11 3.70± 0.09 3.90± 0.08 2.05± 0.04
2-point linear 7.12± 0.08 (-10%) 3.56± 0.06 (-4%) 3.57± 0.07 (-8%) 1.71± 0.02 (-17%)
2-point matched 7.89± 0.08 3.69± 0.08 3.89± 0.08 2.04± 0.03
4-point linear 5.84± 0.08 (-26%) 3.45± 0.08 (-7%) 2.95± 0.06 (-24%) 1.46± 0.01 (-29%)
4-point matched 7.91± 0.09 3.69± 0.10 3.91± 0.10 2.04± 0.04

Figure 3: Inception scores on LLD-icon, LSUN, CIFAR-10 and CelebA for the midpoints of linear interpolation and its matched counterpart. Scores are reported as
mean± standard deviation (relative change in %). Our matched variants fully recover from the (up to 29%) score drop of the linear interpolation, giving the same quality
as random samples.

Matched operations for Gaussian Priors

Operation Expression (Gaussian) Matched Operation

2-point interpolation y = tz1 + (1− t)z2 , t ∈ [0, 1] ỹ = y/
√
t2 + (1− t)2

n-point interpolation y =
∑n

i=1 tizi with
∑

i ti = 1 ỹ = y/
√∑n

i=1 t
2
i

Vicinity sampling yj = z1 + εuj for j = 1, · · · , k ỹj = yj/
√
1 + ε2

Analogies y = z3 + (z2 − z1) ỹ = y/
√
3

Figure 4: Examples of interesting sample operations which need to be adapted if we want the distribution of the result y to match the prior distribution. If the prior is
Gaussian, our proposed matched operation simplifies to a proper re-scaling factor (see third column) for additive operations.

Qualitative results

(a) LLD icon dataset (b) LSUN dataset (c) CelebA dataset

Figure 5: 2-point interpolation: Each example shows linear, SLERP and transport matched interpolation from top to bottom respectively. For LLD icon
dataset (a) and LSUN (b), outputs are produced with DCGAN using a uniform prior distribution, whereas the CelebA model (c) uses a Gaussian prior.
The output resolution for the (a) is 32× 32, for (b) and (c) 64× 64 pixels.

(a) Linear interpolation (b) Spherical interpolation (c) Distribution matched

Figure 6: 4-point interpolation between 4 sampled points (corners) from DCGAN trained on LSUN (128 × 128) using a uniform prior. The same
interpolation is shown using linear, SLERP and distribution matched interpolation.

Figure 7: Random walk for LLD, LSUN (64 x 64) and CelebA. The random walks consist of a succession of steps in random directions, calculated for
the same sequence of directions using (non-matched) vicinity sampling in the upper rows and our proposed matched vicinity sampling in the lower rows.
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