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Figure 2: The directed graphical model considered in this work.
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with torch.profiler.profile(
activities=[
torch.profiler.ProfilerActivity.CPU,
torch.profiler.ProfilerActivity.CUDA,
]J
schedule=torch.profiler.schedule(wait=1, warmup=1, active=3),
on_trace ready=torch.profiler.tensorboard trace handler('./log'),

record_shapes=True,

profile _memory=True,

with stack=True

) as prof:

for step in range(10):
output = model(input)
loss = output.sum()
loss.backward()
prof.step()
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