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Unsupervised Domain Adaptive(UDA)
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Self-Training

SEMI-SUPERVISED SELF-TRAINING METHOD
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Basic Self-Training
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Self-Training

Teacher, a temporal ensemble of the supervised student.

Student Student

Teacher

(a) Self-training (b) Future-self-training

Supervision signals from the current teacher Supervision signals come from the future teacher



Future Self-Training
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Future Self-Training
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Future Self-Training
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Future Self-Training

Pseudo code in pytorch style

g_t.params = mu*g_t.params+(l-mu)*g_s.params
# cache the current student
g_tmp = g_s.copy()
# pseudo label prediction: for temp network
with no_grad():

y_u = argmax(g_t.forward(x_u))

# train the temp model

loss_1 = CrossEntropyloss(g_tmp.forward(x_1l), y_1)
loss_u = CrossEntropyLoss(g_tmp.forward(x_u), y_u)
loss_virtual = loss_1 + Lambda * loss_u # calculate the loss for temp model

loss_virtual.backward ()
update (g_tmp.params) # SGD update: temp network
# momentum update with future student states
g_t.params = mu_prime * g_t.params + (l-mu_prime) * g_tmp.params
# pseudo label prediction: for student network
with no_grad():

y_u = argmax(g_t.forward(x_u))

# train the student

loss_1 = CrossEntropylLoss(g_s.forward(x_1), y_1)
loss_u = CrossEntropylLoss(g_s.forward(x_u), y_u)
loss = loss_1 + Lambda * loss_u # calculate loss for student model
loss.backward ()

update (g_s.params) # SGD update: student network

FST-D implementation

self. record _model()

for _

# look ahead
self._update_ema(self.local_iter)

in range(self.ahead_step):

optimizer.zero_grad()
log_vars = self(xxdata_batch)
optimizer.step()
log_vars.pop('loss', None)



Experiments

ablation study of FST-D & FST-W on UDA Task: SYNTHIA -> Cityscapes
Method mloU A Method Batch mloU A
SourceOnly 34.3 2.2 - SourceOnly 1x 34.3 + 2.2 -
ST 56.3 + 0.4 - ST 1x 56.3 = 0.4 -
- - - ST 4 % 55.5+04 | 0.8
Naive-FST 56.4+0.4 10.1 Naive-FST 1x 58.7+23 123
Improved-FST 57.7+0.6 114 Improved-FST  1X 587x+0.7 124
FST-W 56.8 0.1 10.5 FST-W 1x 59.3+0.5 13.0
FST-D 59.8+01 135 FST-D 1x 59.6+14 13.3

future from same data batch future from different data batch

Discussing how to implement virtual update, using the same data or different data



Experiments

Generalization on different backbones

Task: SYNTHIA -> Cityscapes

Method K mloU A Method K mloU A Method K mloU A
ST - 55.0+ 0.9 - ST - 56.3 0.4 - ST - 56.3 +£ 0.8 -
FST 2 56.3+1.0 11.3 FST 2 57.8+13 115 FST 2 58.1+3.1 11.8
FST 3 56.9+05 119 FST 3 59.8+01 135 FST 3 8.5+ 0.7 1 2.2
FST 4 56.44+09 114 FST 4 59.7 0.8 134 FST 4 588+10 125

(a) DeepLabV?2 [11] w/ ResNet-50 [26].

(b) DeepLabV2 [11] w/ ResNet-101 [26].

(c) PSPNet [75] w/ ResNet-101 [26].

Method K mloU A Method K mloU A Method K mloU A
ST - 61.3 +0.7 - ST - 59.9 + 2.0 - ST - 68.3 = 0.5 -
FST 2 63.7+20 124 FST 2 62.5+1.2 126 FST 2 69.1+0.3 10.8
FST 3 64.3+23 130 FST 3 62.5+19 126 FST 3 693+03 7110
FST 4 644+20 131 FST 4 626+1.8 127 FST 4 68.8+09 10.5

(d) UPerNet [66] w/ Swin-B [42].

(e) UPerNet [66] w/ BEiT-B [6].

(f) DAFormer [29] w/ MiT-B5 [67].

FST here are the variant FST-D, K is the ahead steps



Experiments

Superparameter analysis of FST-D and FST-W

Task: SYNTHIA -> Cityscapes

Method Backbone K mloU A Method Backbone N mloU A
ST ResNet-101 - 56.3 0.4 - ST ResNet-101 - 56.3+0.4 -
FST-D ResNet-101 2 58.6+04 123 FST-W  ResNet-101 2 585+ 1.6 12.2
EST-D ResNet-101 3 596 +£1.4 13.3 FST-W  ResNet-101 3 59.3+0.5 13.0
FST-D ResNet-101 4 59.8+20 13.5 FST-W  ResNet-101 4 586 +2.0 12.3

FST-D using different K

K means the steps ahead

FST-W using different N

N means the num of different student ensembled



Experiments

Semi-supervised semantic segmentation on Pascal VOC 2012

| PSPNet [75] | DeepLabV2 [11] | DeepLabV3+ [12]
Method | 1/16  1/8 1/4 | 1/16  1/8 1/4 | 1/16  1/8 1/4
ST 65.47 72.24 75.47 68.45 72.54 76.21 73.31 74.20 77.78
FST (ours) | 68.35 72.77 75.90 69.43 73.18 76.32 73.88 76.07 78.10
A \ 2881 0.531 0.431 | 0981 0641 0.111 | 0.571 1871 0.321
UDA semantic segmentation
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GTAV [48] — Cityscapes [15]
SourceOnly | 76.1 18.7 84.6 29.8 31.4 34.5 44.8 23.4 87.5 42.6 87.3 63.4 21.2 81.1 39.3 44.6 2.9 33.2 29.7| 46.1
ProDA [73] |87.8 56.0 79.7 46.3 44.8 45.6 53.5 53.5 88.6 45.2 82.1 70.7 39.2 88.8 45.5 59.4 1.0 489 56.4| 57.5
CPSL [35] 92.3 59.9 84.9 45.7 29.7 52.8 61.5 59.5 87.9 41.5 85.0 73.0 35.5 90.4 48.7 73.9 26.3 53.8 53.9| 60.8
DAFormer [29]|95.7 70.2 89.4 53.5 48.1 49.6 55.8 59.4 89.9 47.9 92.5 72.2 44.7 92.3 74.5 78.2 65.1 55.9 618 68.3
FST (ours) 95.3 67.7 89.3 55.5 47.1 50.1 57.2 58.6 89.9 51.0 92.9 72.7 46.3 92.5 78.0 81.6 74.4 57.7 62.6| 69.3
SYNTHIA [49] — Cityscapes [15]
SourceOnly  |56.5 23.3 81.3 16.0 1.3 41.0 30.0 24.1 824 — 825 62.3 23.8 77.7 — 381 — 15.0 23.7|42.4
ProDA [73] |87.8 45.7 84.6 37.1 0.6 44.0 54.6 37.0 88.1 — 844 742 243 882 — 51.1 — 405 456 55.5
CPSL [35] 87.2 43.9 85.5 33.6 0.3 47.7 57.4 37.2 87.8 — 885 79.0 32.0 90.6 — 494 — 50.8 59.8|57.9
DAFormer [29]| 84.5 40.7 88.4 41.5 6.5 50.0 55.0 54.6 86.0 — 89.8 73.2 48.2 87.2 — 532 — 53.9 617/ 60.9
FST (ours) 88.3 46.1 88.0 41.7 7.3 50.1 53.6 52.5 874 — 915 73.9 48.1 8.3 — 586 — 559 63.4(/61.9




Experiments

Performance on semi-supervised semantic segmentation

Method 1/16 1/8 1/4

SupOnly 67.87 7155  75.80
CutMix' [18] 71.66 75.51 77.33
CCT [47] 71.86 73.68  76.51
GCT [32] 70.90 73.29 76.66
CPS [13] 72.18 75.83  77.55
FST (ours) 73.88 76.07 78.10

Method 1/16 1/8 1/4

SupOnly'! 65.74 T72.53  T74.43
CutMix' [18] 67.06 71.83 76.36
CCT [47] 69.32 74.12  75.99
GCT [32] 66.75 72.66 76.11
CPS [13] 70.50 75.71 T77.41
FST (ours) 71.03 75.36 76.61

(a) PASCAL VOC 2012 [17].

(b) Cityscapes [15].

All competitors are methods with improvement on basic framework. With any

improvement tricks like strong data augmentation or contrastive learning.



Effect of FST on improving pseudo-label quality and performance.

Pseudo-label Quality on Training Set Performance on Validation Set
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Visualization

(c) ST (d) FST (ours)



