WACV
#1034

000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

WACYV 2020 Submission #1034. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Improving Style Transfer with Calibrated Metrics

Anonymous WACV submission

Paper ID 1034

1. Quick Overview

Notice that in Fig 5 all Gatys related methods except
Gatys with mean and covariance control have quite low E
compared to the E for cross-layer methods in Fig 6. But
Gatys with mean and covariance control has different sym-
metries to Gatys (because one is controlling both mean and
covariance, rather than just the Gram matrix; the symme-
tries are like those of the cross-layer method). This suggests
it is likely that the symmetry is at least part of the reason
why some methods outperform others.

There are two possible reasons. First, the symmetry re-
sults in poor solutions being easy to find. Second, the sym-
metry causes optimization problems. Both issues appear to
be in play. Figures 5 and 6 together suggest that methods
have considerable variance in performance, which is con-
sistent with poor solutions being easy to find. But the good
performance of GAL (see Fig. 4) suggests that optimization
is an issue, too.

Symmetries can create problems for optimization meth-
ods, because symmetries must be associated with strong
gradient curvature at least some points. GAL uses a stan-
dard optimization trick to simplify the optimization prob-
lem; the success of this trick suggests that optimization of
Gatys’ loss is hard.

1.1. GAL

Gatys’ loss is a function of feature values at each layer.
One usually assumes that the feature values taken at layer
[ are a known function of the feature values at layer [ — 1.
Here the function is given by the appropriate convolutional
layer, etc. However, we could “cut” the network between
layers, then introduce a constraint requiring that variables
on either side of the cut be equal. We solve this constrained
problem using the augmented lagrangian method (see [4]
for this strategy applied to MRFs).

Write f}cyp for the response of the k’th channel at the p’th
location in the I’th convolutional layer; drop subscripts as
required, and write f' = ¢!(f'~") for the function mapping
layer to layer. GAL cuts the layers only at R41. We have
not tried other cuts. It would be interesting to see what hap-
pened with more cuts, but the optimization problem gets

big quickly. We introduce dummy variables V}, ,,, and the
constraint V' = ¢*(f3). Write X for lagrange multipliers
corresponding to the constraint, I for the image, and A(*)
for the 7’th estimate of those lagrange multipliers, etc.

The augmented lagrangian is now

LI,V = Zz# wlLétyle (L, Lstyte)
+w4L;Ltyle(‘/7 Lstyie)
+Leontent (Vs Leontent)
+Laug(I,V,\)

where w; is the style weight of each layer, Llstyle is the
style loss for layer [, and L.yptent 1S the content loss at R41,

and
Lowg(TLV.N) = g S (Mx (V= 64(£2. (1)
+o(Vi = 642 (D))?)

In the primal step, we first optimize the lagrangian with
respect to I, using fixed V', A using LBFGS. We then fix I,
and optimize with respect to V' (notice this involves solving
a relatively straightforward linear system). The dual step
then re-estimates the lagrange multipliers as usual:

)\Eli+1) _ )\y) +p(i)(v4(i) — IOy,

Finally, we update p by p(+1) = 1.4p(),

Figure 1 and Figure 2 display our 50 style images. Ex-
cept the Universal style transfer, all other methods synthe-
size image from Gaussian noise with LBFGS optimizer.
The content images and style images are resized to same
width of 512 as the input for style transfers.

1.2. Cross-layer with control of mean and covari-
ance (XLCM)

We observe that feature mean difference between I, and
1. is directly related to the optimization performance of
style transfer, e.g. when the content image have similar
feature mean as style image the transfer image has better
style quality. Therefore we introduce the L2 loss between
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Here ﬁp(l ) is the tensor duplicated in p dimension with
the mean of f; (1) over p.

2. Quantization of transferred images under
user study regression models

Recall in Section 4 of original text we regress base E
and C statistic to user preference. We obtain one best E-
model from E-test user preference, and one best C-model
from that of C-test. These two models assign E and C scores
for each transferred image (Sec. 4.1 of original text). Thus,
we gather a scatter plot of all transferred images, and we
quantize this scatter plot into a 3-by-3 grid, each cell has
roughly same number of images. From this grid we gener-
ate a visualization of EC space (Fig.1 in original text).

This quantization shows similar trends with Figure 4-6 in
the original text. Table 1 shows the Top 5 methods ranking
for all quantiles. In quantile of high C-score, high E-score,
GAL is the top method. XM dominates both (middle C,
middle E) and (high C, middle E), and Universal dominates
both (middle C, low E) and (high C, low E). Other high
E quantiles are dominated by cross-layer related methods.
The worst quantile(low C-score,Low E-score) has Gatys ag-
gressive as the most popular.

This difference in symmetry groups is important. Risser
argues that the symmetries of gram matrices in Gatys’
method could lead to unstable reconstructions; they con-
trol this effect using feature histograms. What causes the
effect is that the symmetry rescales features while shift-
ing the mean. For the cross-layer loss, the symmetry can-
not rescale, and cannot shift the mean. In turn, the insta-
bility identified in that paper does not apply to the cross-
layer gram matrix and our results could not be improved by
adopting a histogram loss.

Write x;, (resp y; for the feature vector at the ¢’th loca-
tion (of IV in total) in the first (resp second) layer. Write
XT = [xy,...,xn], etc.

Symmetries of the first layer: Now assume that the first
layer has been normalized to zero mean and unit covari-
ance. There is no loss of generality, because the whiten-
ing transform can be written into the expression for the
group. Write GOW) = (1/N)WT'W for the operator that
forms the within layer gram matrix. We have G(X) = Z.
Now consider an affine action on layer 1, mapping &7 to
X} = XA+ 1bT; then for this to be a symmetry, we must
have G(X}) = AAT + bb? = Z. In turn, the symmetry
group can be constructed by: choose b which does not have
unit length; factor N(Z — bb?®') to obtain .A(b) (for exam-
ple, by using a cholesky transformation); then any element
of the group is a pair (b, A(b)U) where I is orthonormal.
Note that factoring will fail for b a unit vector, whence the
restriction.

The second layer: We will assume that the map be-

tween layers of features is linear. This assumption is not
true in practice, but major differences between symmetries
observed under these conditions likely result in differences
when the map is linear. We can analyze for two cases: first,
all units in the map observe only one input feature vector
(i.e. 1x1 convolutions; the point sample case); second, spa-
tial homogeneity in the layers.

The point sample case: Assume that every unit in the
map observes only one input feature from the previous layer
(1x1 convolutions). We have Y = XM + 1n”, because
the map between layers is linear. Now consider the effect
on the second layer. We have G()) = MM?T + nnT.
Choose some symmetry group element for the first layer,
(b, A). The gram matrix for the second layer becomes
G(V*), where Y* = (XA + 1bT)MT + 1nT. Recalling
that AAT + bb? = Z and XT1 = 0, we have

G(V*) = MMT + nn” + nb” MT + MbnT

so that G(X5) = G(AX3) if Mb = 0. This is relatively easy
to achieve with b # 0.

Spatial homogeneity: Now assume the map between
layers has convolutions with maximum support r x r. Write
u for an index that runs over the whole feature map, and
1(x,,) for a stacking operator that scans the convolutional
support in fixed order and stacks the resulting features. For
example, given a 3x3 convolution and indexing in 2D, we
might have

In this case, there is some M, n so thaty,, = M (x,)+
n. We ignore the effects of edges to simplify notation
(though this argument may go through if edges are taken
into account). Then there is some M, n so we can write

G(QV) = (1/N) > Mip(x) (%) M" 4+ nn”

Now assume further that layer 1 has the following (quite
restrictive) spatial homogeneity property: for pairs of fea-
ture vectors within the layer x; ;, X;45,45 With | § |<
r (ie within a convolution window of one another), we
have E[x; jX;4s,j+5] = Z. This assumption is consistent
with image autocorrelation functions (which fall off fairly
slowly), but is still strong. Write ¢ for an operator that
stacks r x r copies of its argument as appropriate, so

va A

Then G(Y) = MoI)MT + nn’. If there is
some affine action on layer 1, we have G()*) =

WACV
#1034

270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323



WACV WACV

#1034 #1034
WACV 2020 Submission #1034. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

524 (low C-score, high E-score) (middle C-score, high E-score) (high C-score, high E-score) 378
222 Cross-layer,aggressive:24.06 %, XLC:14.56 %, GAL:25.56%, 2;3
327 XLCM:20.92%, Cross-layer,aggressive:13.60%, XM:15.04%, 481
328 XLC:11.92%, XLCM:13.41%, XL:10.53%, 382
329 XL:11.30%, XL:13.22%, GatysL.:8.52%, 383
330 GatysCM:9.21% GAL:10.15% GatysCM:6.77% 384
331 (low C-score, middle E-score) (middle C-score, middle E-score) (high C-score, middle E-score) 385
332 GatysCM:15.29%, XM:11.69 %, XM:15.45%, 386
333 GatysC:12.86%, GatysM:11.49%, GatysH:14.02%, 387
334 Cross-layer, aggressive:11.65%, GatysL:10.69%, Gatys:13.41%, 388
335 GatysL:11.65%, GatysH:10.08%, GAL:13.01%, 389
336 XLCM:8.50% GatysC:8.87% GatysM:11.18% 390
337 (low C-score, low E-score) (middle C-score, low E-score) (high C-score, low E-score) 391
338 Gatys aggressive:23.97 %, Universal:12.83%, Universal:45.28 %, 392
339 GatysC:12.57%, GatysH:10.73%, Gatys:15.75%, 393
gj? XLC:10.02%, Gatys aggressive:10.47%, GatysH:7.87%, 22:
249 GatysCM:8.84%, GatysM:10.21%, GatysM:6.69%, 208
343 GatysM:7.47% Gatys:9.69% GatysL:4.53% 397
344 GatysH — Gatys, with histogram loss 398
345 GatysL — Gatys, with layerwise style weights 399
346 GatysM - Gatys, with mean control 400
347 GatysC — Gatys, with covariance control 401
348 GatysCM — Gatys, with mean and covariance control 402
349 XL — Cross-layer 403
350 XM - Cross-layer, multiplicative 404
351 XLC - Cross-layer, with control of covariance 405
352 XLCM - Cross-layer, with control of mean and covariance 406
353 GAL - Gatys, augmented Lagrangian method 407
354 Universal — Universal Style Transfer 408
355 409
356 Table 1: Top 5 methods ranking for each quantile under regression scores coordinate generated by selected E-model and 410
357 C-model. Each transferred image has five E-statistic and one C-statistic, they are used to regress user preference in E-test and 411
358 C-test (Sec. 4.1 in original text). Selected E and C models regress scores (higher is better) for each transferred image. We 412
359 divide the scatter into 3-by-3 quantiles, and show method distribution for each quantile. 413
360 414
361 415
362 M (P(A)P(D)Y(AT) + (b)p (1)) MT + nn’', where means that the symmetry requires b = 0; in turn, we must 416
363 we have overloaded v in the natural way. Now if M1 (b) = have AAT =T. a7
22: 0and AAT +bbT =Z,G(V*) = G(). Cross-layer, homogeneous case: We have :12
The cross-layer gram matrix: Symmetries of the cross-
366 layer gram matrix are very different. Write G(X,)) = g(x,y) = (1/N) ZX“ W(X")TMT +n’| =M 420
367 (1/N)XTY for the cross layer gram matrix. “ 421
368 Cross-layer, point sample case: Here (recalling Now choose some symmetry group element for the first 422
369 XT1 = O)we have G(X,Y) = MT. Now choose some layer, (A, b). The cross-layer gram matrix becomes 423
370 symmetry group element for the first layer, (A, b). The 424
37 cross-layer gram matrix becomes 425
372 GX*, YY) = (1/N)Y { (Ax, +b) 426
2;2 GX*, V") = (1/N)(AXT +b17) [(XAT +1bD)MT + 1nT] u :Z
375 — MT 4 bn? + [(w(xu)Tw(AT) + (b)) M” + n] } 429
376 430
377 (recalling that AAT + bb” = T and X71 = 0). But this = MT +bn? 431
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(recalling the spatial homogeneity assumption, that
AAT + bbT = T and X'1 = 0). But this means that the
symmetry requires b = 0 in turn, we must have AA7 = T.

3. Construction of Affine Maps for Symmetry
Groups

This difference in symmetry groups is important. Risser
argues that the symmetries of gram matrices in Gatys’
method could lead to unstable reconstructions; they con-
trol this effect using feature histograms. What causes the
effect is that the symmetry rescales features while shift-
ing the mean. For the cross-layer loss, the symmetry can-
not rescale, and cannot shift the mean. In turn, the insta-
bility identified in that paper does not apply to the cross-
layer gram matrix and our results could not be improved by
adopting a histogram loss.

Write x;, (resp y; for the feature vector at the ¢’th loca-
tion (of NV in total) in the first (resp second) layer. Write
XT = [x1,...,xn], etc.

Symmetries of the first layer: Now assume that the first
layer has been normalized to zero mean and unit covari-
ance. There is no loss of generality, because the whiten-
ing transform can be written into the expression for the
group. Write G(W) = (1/N)WTW for the operator that
forms the within layer gram matrix. We have G(X) = Z.
Now consider an affine action on layer 1, mapping A7; to
X} = X1 A+ 1bT; then for this to be a symmetry, we must
have G(X}) = AAT + bb? = Z. In turn, the symmetry
group can be constructed by: choose b which does not have
unit length; factor N(Z — bb®') to obtain .A(b) (for exam-
ple, by using a cholesky transformation); then any element
of the group is a pair (b, A(b)U) where I is orthonormal.
Note that factoring will fail for b a unit vector, whence the
restriction.

The second layer: We will assume that the map be-
tween layers of features is linear. This assumption is not
true in practice, but major differences between symmetries
observed under these conditions likely result in differences
when the map is linear. We can analyze for two cases: first,
all units in the map observe only one input feature vector
(i.e. 1x1 convolutions; the point sample case); second, spa-
tial homogeneity in the layers.

The point sample case: Assume that every unit in the
map observes only one input feature from the previous layer
(1x1 convolutions). We have ) = XM + 1n”, because
the map between layers is linear. Now consider the effect
on the second layer. We have G()) = MM + nn”.
Choose some symmetry group element for the first layer,
(b, A). The gram matrix for the second layer becomes
G(V*), where Y* = (XA + 1bT)MT + 1nT. Recalling
that AAT + bbT = Z and XT1 = 0, we have

G(V*) = MMT +nn” + nb” MT + Mbn”

so that G(X5) = G(Xy) if Mb = 0. This is relatively easy
to achieve with b # 0.

Spatial homogeneity: Now assume the map between
layers has convolutions with maximum support r X r. Write
u for an index that runs over the whole feature map, and
1(x,,) for a stacking operator that scans the convolutional
support in fixed order and stacks the resulting features. For
example, given a 3x3 convolution and indexing in 2D, we
might have

In this case, there is some M, n so thaty,, = M1 (x, )+
n. We ignore the effects of edges to simplify notation
(though this argument may go through if edges are taken
into account). Then there is some M, n so we can write

G(V) = (1/N) > Mip(x)9p (%) " M" + nn”

Now assume further that layer 1 has the following (quite
restrictive) spatial homogeneity property: for pairs of fea-
ture vectors within the layer x; ;, X;i5,45 With | § |<
r (ie within a convolution window of one another), we
have E[x; jX;4s,j+5] = Z. This assumption is consistent
with image autocorrelation functions (which fall off fairly
slowly), but is still strong. Write ¢ for an operator that
stacks r x r copies of its argument as appropriate, so

Then G(Y) = MoI)MT + nn’. If there is
some affine action on layer 1, we have G(J*) =
M (Y(A)(D)Y(AT) + ¢(b)yp(bT)) MT + nn”, where
we have overloaded v in the natural way. Now if M1 (b) =
0and AAT +bb? =Z,G(YV*) =G()).

The cross-layer gram matrix: Symmetries of the cross-
layer gram matrix are very different. Write G(X,)) =
(1/N)XTY for the cross layer gram matrix.

Cross-layer, point sample case: Here (recalling
XT1 = 0)we have G(Xx,y) = MT. Now choose some
symmetry group element for the first layer, (A, b). The
cross-layer gram matrix becomes

Gy =
= M7 +bn?

(recalling that AA” + bb” = Z and X1 = 0). But this
means that the symmetry requires b = 0; in turn, we must
have AAT = 7.

(1/N)(AXT 4 b17) [(XAT +1YMT +1 5131
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240 Cross-layer, homogeneous case: We have 594
541 595
S @Y = (/N Y x [Ux)MT 40| = M o
544 “ 598
545 Now choose some symmetry group element for the first 599
546 layer, (A, b). The cross-layer gram matrix becomes 600
547 601
548 602
549 * ok 603
fy IXLYY = (/N Z { (Axy +b) o
551 605
552 - [(wxu)%(AT) + (b)) M + n”] } 606
553 607
554 — MT 4+bnT 608
555 609
556 (recalling the spatial homogeneity assumption, that 610
557 AAT + bbb = T and X['1 = 0). But this means that the 611
558 symmetry requires b = 0 in turn, we must have AA”T = T. 612
559 613
560 614
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