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Algorithm 1 PyTorch JXU Y DXk 4% SR D 10 o

# shapes: Binary shape information sampled from correlation
maps
# t: Confidence threshold
# hc_regions: Current high-confidence regions
# pseudo__label: Current pseudo label
def Region(shapes, t, hc_regions, pseudo_ label):
# Find the high-confidence shapes
hc_shapes = shapes * hc_ regions
b, ¢, h, w = shapes.shape

for i in range(b):
for j in range(c):
hc_shape = hc_shapesi, j]
shape = shapesli, j]

# Calculate the overlap between the high-
confidence shape and original shape
rl = sum(hc_shape) / sum(shape)
ifrl < t:
continue

# Find all unique classes and their counts in the
pseudo label within the high-confidence shape
unique_ cls, cnt = unique(pseudo_ label[i][hc_shape

== 1)

# Calculate the ratio of the most salient class
within the high-confidence shape
r2 = max(cnt) / sum(cnt)
if r2 < t:
continue

# Assign the most salient class to the pseudo label
with shape information

top__cls = unique_ cls[argmax(cnt)]

pseudo__label[i][shape == 1] = top__cls

# Update the new high-confidence regions with the
current shape
hc_regions[i] = hc_ regions[i] | shape

A2, [ T RS 1 P A

FEIESCIY S33. A7), FATHR T BIE oK
o HoAZL B e — A SR A S S T R K Y

10

A AR, FUATIS , Tttt AT
5 T A K 0 Bk B R A
PR T . AR SCASE (1) thiR it
Ar, EMA 3R UF:

T =X+ (1 - NAT, (13)

o, A5 EMA W8l s~ 1. 1 SIS I
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Algorithm 2 PyTorch JXU Y IEE S SR D 1A

# pred: Logits of weak augmented images

# thresh__global: Current global threshold

# momentum: Coefficient of EMA

def update(pred, thresh__global, momentum):
# initialize update value
update_value = 0.0

# get predicted mask and confidence from pred
mask__pred = argmax(pred, dim=1)
pred__conf = pred.softmax(dim=1).max(dim=1)

# find all classes in the predicted mask
unique_ cls = unique(mask_ pred)
cls__num = len(unique__cls)

for cls in unique_ cls:
# find the highest confidence score for each predicted
class
cls_map = (mask_ pred == cls)
pred__conf_cls_all = pred__conf[cls__map)]
cls_max_ conf = pred__conf_cls_ all.max()
update_ value += cls_ max_ conf

# get the mean of all confidence scores
update_ value = update_ value / cls_num

# update thresh_ global in EMA style
thresh global = momentum * thresh global + (1 -
momentum) * update_value
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