GitHub: https://github.com/UofT-EcoSystem/hotline

(o L
Demo: https://danielsnider.ca/hotline/demo
-

Usage: with torch.profiler.profile(
on_trace_ready=hotline.analyze(model))
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Finding Optimization Opportunities
Profiling Visualization
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Problems: Requires significant time, expertise,
and use of expert-level tools.
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standard format. “ts”: 1685410/91191268,
* Single training iteration
after warm up iterations.
* No modification to profiler.
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with torch.profiler.profile(
on_trace_readystensorboard trace_handler()|):
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with torch.profiler.profile(
on_trace_ready=hotline.analyze(modelﬂ):
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Q1. Is the optimizer a bottleneck?

Q2. Is the GPU or CPU a bottleneck?
Q3. At a low-level, what is the bottleneck?
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Q1. Is the optimizer a bottleneck?
Q2. Is the GPU or CPU a bottleneck?

Q3. At a low-level, what is the bottleneck?




DNN Operations
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DNN Operations
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DNN Operations Observations
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TensorBoard
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