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Table 1: The performance comparison with state-of-the-art methods in Pix2Pix model.

Dataset Generator Style Method MACs #Parameters FID ({)

Original [23]] 56.80G (1.0x) 11.30M (1.0x) 24.18
GAN-Compression [30] 4.81G (11.8x%) 0.70M (16.3x) 26.60
Res-Net DMAD [31] 4.30G (13.2x%) 0.54M (20.9x) 24.08
OMGD 1.0x 1.408G (40.3 %) 0.137M (82.5x%) 25.88
edges—sshoes OMGD 1.5x% 2.904G (19.6x) 0.296M (38.2 %) 21.41
Original [23]] 18.60G (1.0x) 54.40M (1.0x) 34.31
DMAD [31] 2.99G (6.2x%) 2.13M (25.5%) 46.95
U-Net OMGD 0.5x% 0.333G (55.9%) 0.852M (63.8 %) 37.34
OMGD 0.75x 0.707G (26.3x) 1.916M (28.4x) 32.19
OMGD 1.0x 1.219G (15.3%) 3.404M (16.0x) 25.00

Dataset Generator Style Method MACs #Parameters mloU (1)
Original [23] 56.80G (1.0x) 11.30M (1.0x) 44.32
GAN-Compression [30] 5.66G (10x) 0.71M (15.9%) 40.77
Res-Net DMAD [31] 4.39G (12.9%) 0.55M (20.5x%) 41.47
CAT [24] 5.57G (10.2x) - 42.53
OMGD 1.0x 1.408G (40.3x) 0.137M (82.5x%) 45.21
cityscapes OMGD 1.5x% 2.904G (19.6 %) 0.296M (38.2 %) 45.89
Original [23] 18.60G (1.0x) 54.40M (1.0x) 42.71
DMAD [31] 3.96G (4.7x) 1.73M (31.4x) 40.53
U-Net OMGD 0.5x% 0.333G (55.9%) 0.852M (63.8 %) 41.54
OMGD 0.75x 0.707G (26.3x) 1.916M (28.4 %) 45.52
OMGD 1.0x 1.219G (15.3x) 3.404M (16.0x) 48.91

Implementation datails. The channel expand factor 7
is set to 4 in this paper. We set the learning rate as 0.0002
in the beginning and decay to zero linearly in the experi-
ments. For Res-Net style generator, batch size is set to 4 on
edges—shoes and 1 on other dataset. Batch size is fixed to 4
in all expreiments for U-Net generator. The update interval
numbers n on edges— shoes, cityscapes, horse—zebra and
summer—winter are 1, 3, 4, 4 respectively.

For CycleGAN, we evaluate the teacher generator every
m epochs and update the performance-best generator as G
to optimize G'g. In this way, we avoid notorious instability
of training CycleGAN and encourage G's to learn from the
best teacher model. m is set to 10 and 6 for horse—zebra
and summer— winter, respectively.

4.2. Experimental Results
4.2.1 Comparison with state-of-the-art methods

In this section, we compare OMGD with several state-of-
the-art methods in terms of computation cost, model size
and generation quality. We compare the performance of
Pix2Pix and CycleGAN respectively.

Pix2Pix. The experimental results of Pix2Pix model are
shown in Table |1} which can summarized as the following
observerations: 1) OMGD is robust for both style genera-
tors and significantly outperforms the state-of-the-art meth-
ods with much less computational costs. 2) OMGD with

Res-Net style generator (dubbed as, OMGD(R)) achieves
comparable performance to the original model when the
MACs are compressed by 40.3x and the parameters are
compressed by 82.5x. Compared with the current best
method, i.e., CAT, OMGD(R) 1.0x boosts the mloU from
42.53 to 45.21 (6.3% improvement) with only a quarter of
the computational costs on cityscapes. Furthmore, although
OMGD(R) 1.5x is compressed 19.6x MACs and 38.2x
memory, it successes to establishes the state-of-the-art per-
formance. 3) It is arduous to compress U-Net style gen-
erator due to its U-shape architecture and concatenate op-
eration. OMGD with U-Net style generator (dubbed as,
OMGD(U)) compresses the original model by 15.3x and
reduces the FID by 9.31 on edges—shoes. With less than
half of MACs of DMAD [31]], OMGD(U) 1.0x decreases
the FID from 46.95 to 25.0 on edges—shoes and obtains
19.3% improvement in terms of mIoU on cityscapes. More-
over, OMGD(U) 0.5x and 0.75x also achieve impressive
results, and OMGD(U) 0.75x can obatin the state-of-the-
art compression performance with merely 0.707G MACs.

CycleGAN. We follow previous works [30, 13} 24} [15]
49]] to use the Res-Net style generator to conduct the ex-
periments on CycleGAN, and the results are shown in Ta-
ble 2] On the one hand, OMGD(R) outperforms the orig-
inal model by a large margin although with 40.3x MACs
compression and 82.5x parameters compression. For ex-
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Table 2: The performance comparison with state-of-the-art methods in CycleGAN model.

Dataset Method MACs #Parameters FID ({)
Original [66] 56.80G (1.0x) 11.30M (1.0x) 61.53
Co-Evolution [45]] 13.40G (4.2%) - 96.15
GAN-Slimming [49] 11.25G (23.6x) - 86.09
horse—szebra Auto-GAN-Distiller [13]] 6.39G (8.9%) - 83.60
GAN-Compression [30] 2.67G (21.3%) 0.34M (33.2%) 64.95
DMAD [31] 2.41G (23.6%) 0.28M (40.0x) 62.96
CAT [24] 2.55G (22.3%) - 60.18
OMGD (Ours) 1.408G (40.3%) 0.137M (82.5%) 51.92
Original [66]] 56.80G (1.0x) 11.30M (1.0x) 79.12
Co-Evolution [45]] 11.10G (5.1%) - 78.58
summer—winter Auto-GAN-Distiller [[13]] 4.34G (13.1x) - 78.33
DMAD [31] 3.18G (17.9%) 0.30M (37.7%) 78.24
OMGD (Ours) 1.408G (40.3x) 0.137M (82.5%) 73.79

Table 3: Ablation Study on Pix2Pix model.

Dataset Method FID ({)

Baseline 77.07
Ours w/o OD 26.19
edges— shoes Ours w/o DT 33.88
Ours w/o CD 26.62
Ours 25.00

Dataset Method mloU (1)
Baseline 33.90
Ours w/o OD 45.76
cityscapes Ours w/o DT 44.04
Ours w/o CD 48.12
Ours 48.91

Table 4: Ablation Study on CycleGAN model.

Dataset Method FID (1)
Baseline 96.72
horse—szebra Ours w/o OD 77.09
Ours w/o CD 61.21
Ours 51.92
Baseline 78.43
summer—swinter Ours w/o OD 76.48
Ours w/o CD 75.47
Ours 73.79

ample, OMGD(R) reduces FID from 61.53 to 51.92 on
horse—zebra and 79.12 to 73.79 on summer—winter. On
the other hand, OMGD(R) significantly surpasses the com-
petitive methods in terms of performance (FID) or compu-
tational costs (MACs), and establishes new state-of-the-art
performance on both datasets.

4.2.2 Ablation Study

We directly train the student generator via the conventional
GAN loss and report its results as the “Baseline” in Table
[|and Table [d] As can be observed, our method surpasses
“Baseline” by a large margin. For example, it declines FID
from 77.07 to 25.00 on edges—shoes and increases mloU
from 33.90 to 48.91 on cityscapes. To further demonstrate
the effectiveness of several essential components in OMGD,
we perform extensive ablation studies. The experiments of
ablation study are conducted on U-Net style generator for
Pix2Pix and Res-Net style generator for CycleGAN,

Analysis of online distillation stage. To evaluate the
significance of the online distillation scheme, we design
a variant (abbreviated as “Ours w/o OD”) to optimize the
model with the offline two-stage distillation setting. As
shown in Table [3] and 4] removing the online distillation
stage leads to an noticeable drop in performance. For exam-
ple, “Ours w/o OD” declines mlIoU to 45.76 on cityscapes,
with a decrease of 6.4% when compared with our approach.
It indicates that the online training scheme helps to guide
the optimization process to achieve more impressive results.

Analysis of complementary teachers setting. To inves-
tigate the effectiveness of complementary teachers setting,
we design a variant “Ours w/o DT” that removes the deeper
teacher generator and only employs a wider one for opti-
mization. As summarized in Table [3] our method attempts
to obtain more promising results compared with “Ours w/o
DT” on both benchmarks. It indicates that the comple-
mentary teacher setting significantly improves the capacity
of the student generator. It is worth notice that the unsta-
ble training process of CycleGAN causes confusion for the
deeper teacher generator GZ, hence we only leverage the
wider teacher generator on CycleGAN.

Analysis of multiple distillation layers. To delve deep
into the significance of multiple distillation layers, we de-
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