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Why are we still talking about schedulers?

"The arguments that 'servers’ have a different
profile than 'desktop’is pure and utter garbage, and
is perpetuated by people who don't know what they
are talking about.”

- Linus Torvalds, Oct 2007
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Workload complexity

e Workload diversity has exploded

A decade ago workloads were simple and homogeneous

Multi-tenant environments with conflicting requirements (latency vs throughput)
Cloud computing, virtualization, Al have introduced new layers of abstraction
Power consumption has become a critical bottleneck, especially for large data

o O O O



A WARNING

Earliest Virtual Deadline First MATH
AHEAD

e Time slice
o How much CPU time a task is going to use

e Virtual deadline
o [Total runtime + requested time slice] < All scaled by the task’s weight

DT(t) — [RT(t) + AT(t)] X
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Kernel-space machine learning challenges

e Kernel limitations

o Language barrier
No user-space libraries
No floating point
Stack size is limited
Slow experimentation
Bugs are problematic

o O O O O



sched_ext: extensible scheduler class

e Technology in the Linux kernel that allows to implement scheduling
policies as BPF programs (GPLv?2)

e Available since Linux v6.12

e Key features

o Bespoke scheduling policies
o Rapid experimentation
o Safety (can’t crash the kernel)




What is BPF? @,QBPF

e The safe way to run kernel code
e VM that lives in the kernel

Inject safe sandboxes code into the kernel

Attach to kernel functions or events

In-kernel JIT compiler

Access in-kernel data structures directly without the risk of crashing, hanging, or
breaking the kernel

o O O O



How does it work?
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scx_rustland_core: user-space scheduler (in Rust)
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scx_rustland_core: FIFO scheduler

fn schedule(&mut self) {
let nr_waiting = *self.bpf.nr_queued_mut();

while let Ok(Some(task)) = self.bpf.dequeue_task() {
let mut dispatched task = DispatchedTask::new(&task);
let cpu = self.bpf.select cpu(task.pid, task.cpu, 0);
dispatched task.cpu = if cpu >= 0 { cpu } else { RL_CPU_ANY };
dispatched _task.slice_ns = SLICE_NS / (nr_waiting + 1);
self.bpf.dispatch_task(&dispatched task).unwrap();

}
self.bpf.notify complete(0),



Al-driven scheduler: supervised learning
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Al-driven scheduler: reinforcement learning
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Implementation

e Jrace EEVDF

o sched:sched_switch()
m Task name
m Used time slice

e Neural network (multi-layer perceptron)

o Input
m Task name (hashed)
m Task priority

o Model
m 4-layer feedforward neural network (ReLU activations, 32 neurons per layer)
m Loss: Mean Squared Error (MSE)
m Optimizer: Adam (learning rate = 1e-4)

o Qutput
m Predicted time slice



Demo

e Al model trained to predict the optimal task time slice
e Plug the predictor into scx_rustland

e Measure WebGL performance (fps)
o WebGL samples - Aquarium fps: 144

canvas width: 1024
canvas height: 1024



https://webglsamples.org/aquarium/aquarium.html

Conclusion

e Humans can design better schedulers than Al
e User-space schedulers present some challenges (non-blocking hot paths)

e [t could lead to innovation
o It’s a new approach to scheduling
o Can unleash creativity
o  We can find new ways to solve problems once thought impossible to solve



What’s next

Explore reinforced learning

Improve supervised learning (more metrics via tracing and profiling)
Use Al for scheduler components in the cold paths

Use Al to configure existent sched_ext schedulers
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