
Supplementary of “Maximum Spatial Perturbation Consistency for Unpaired
Image-to-Image Translation”

Algorithm 1 Two steps of optimization of mini-batch MSP
for Eq. 7, α denotes the learning rate, max(·, ·) and min(·, ·)
represent the hinge loss.

Choose M samples of x(i)(i = 1, . . . ,M) and N samples of y(j)(j =
1, . . . , N) from X ,Y respectively.
Optimizing D,Dpert, T

R1 = 1
N

∑N
j=1 logD(yj) +

1
M

∑M
i=1 log(1−

D(G(xi)))

R2 = 1
N

∑N
j=1 logDT (T (yj)) +

1
M

∑M
i=1

log(1−DT (G(T (xi))))

R3 = 1
M

∑M
i=1 ‖T (G(x)), G(T (x))‖1

p = Tp(x),R4 = 1
M

∑M
i=1[max(

|pjkpjl|
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, 1
a
) + |(

∑K
k pjk)− b|]

θD := θD + α∇θDR1, θDT
:= θDT

+∇θDT
R2,

θT := θT − α∇θT (R2 −R3 +R4)
Optimizing G

R1 = 1
N

∑N
j=1 logD(yj) +

1
M

∑M
i=1 log(1−

D(G(xi)))

R2 = 1
M

∑M
i=1 ‖T (G(x)), G(T (x))‖1

R3 = 1
N

∑N
j=1 logDT (T (yj)) +

1
M

∑M
i=1

θG := θG − α∇θG (R1 +R2 +R3)

Table A. This tables shows the results of the proposed MSPC and
MSPC without the spatial alignment branch in Fugure 2(c) for
comparison. To show the stability, we run each setting for 5 times
and calculate the mean and std.

Front Face→ Profile. FID ↓.

MSPC MSPC without spatial alignment

38.61± 2.57 53.41± 4.83

1. Implementation of modified VAT and MT
1.1. Modified Virtual Adversarial Training (VAT)

VAT [4] introduced the concept of adversarial attack [3]
as a consistency regularization in semi-supervised classifi-
cation. This method learns a maximum adversarial pertur-
bation as a additive , which is on the data-level. To be more

specific, it finds an optimal perturbation γ on an input sam-
ple x under the constraint of γ < δ. LettingR and f denote
the estimation of distance between two vectors and the pre-
dicted model respectively, we can formulate it as:

min
f

max
γ;‖γ‖6δ

Ex∈PX
R(f(θ, x), f(θ, x+ γ)). (1)

To apply the VAT, we adapt the semi-supervised frame-
work to the the I2I task. Similar to our proposed MSPC, we
introduce another noisy perturbation branch with additional
discriminator DV . Then, we can reconstruct the framework
as follows,

min
G

max
D,DT

Ey∼PY
logD(y) + Ex∼PX

log(1−D(G(x)))

+ Ey∼PY
logDV (y) + Ex∼PX

log(1−DV (G(x+ γ))),

min
G

max
γ;‖γ‖6δ

Ex∼PX
‖G(x), G(x+ γ)‖1. (2)

Referring to [4], the optimal γ̂ can be derived from the
first-order derivative w.r.t. εγ and ε is a very small positive
constant, which is γ̂ =

∂‖G(x),G(x+εγ)‖1
∂εγ . The intuition is

that, the direction of maximum perturbation is exactly the
same as the current derivative. But VAT is trivious due to
that VAT is often unstable when the task is becoming more
complex.

1.2. Modified Mean Teacher (MT)

MT [5] is a simple yet nonmethod, which has been suc-
cessfully applied in many applications [1,2,6]. It utilizes the
exponential moving average (EMA) of the learned model as
the teacher reference for correction. The modified MT can
be formulated as,

min
G

max
D

Ey∼PY
logD(y) + Ex∼PX

log(1−D(G(x)))

+ Ex∼PX
‖G(x), GEMA(x)‖1, (3)

where GEMA is the EMA of G and will not participate in
the gradient back-propagation.

For both modified VAT and MT, we use the same net-
works and training configuration as other models.
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2. More Qualitative Results
In this section, we show additional qualitative results from the held-out testing dataset.

GT front GT profile Ours GC CycleMT(ours) CUT

Figure 1. front face2profile.

Source MSPC(Ours) GC CycleMT Modified CUTTarget(GT) VAT Modified

Figure 2. city2parsing.



Source MSPC(Ours) GC CycleMT Modified CUTTarget(GT) VAT Modified

Figure 3. city2parsing.

Source MSPC(Ours) GC CycleMT Modified CUTVAT Modified

Figure 4. horse2zebra.



Source MSPC(Ours) GC CycleMT Modified CUTVAT Modified

Figure 5. selfie2anime.

Source MSPC(Ours) GC CycleMT Modified CUTVAT Modified

Figure 6. cat2dog.



Source MSPC(Ours) GC CycleMT Modified CUTVAT Modified

Figure 7. cat2dog.



3. Visualization of Transformer T without constraints
In this section, we visualize the effect of the spatial transformer T on both the source and target images. As we can see in

below figure, the spatial transformation generates perturbed images without keeping the information of images without the
constraint on T . If there is much information lost on images, the T will hurt the performance of the I2I.
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Figure 8. Perturbation changes as epoch grows. In this figure, we do not add the constraint to the T .
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