Announcements

e Email me if you have not yet been added to our PSC allocation

e Lab 2 assigned today, due in 3 weeks
e Add a discussion question on Canvas by Sept. 22

o Auditors can submit questions via email

Discussion Questions - Thomas Huang (Waymo)
On Sept. 29, Thomas Huang (Research Scientist, Waymo Al Foundations) will give a guest lecture about foundation models at Waymo.

As part of this guest lecture, we will have a structured Q&A / discussion.

« To guide this discussion, please write a question, and post it under this discussion (i.e., as a reply).
* Your question should be unique! Please read other questions which have already been posted before posting your question.
« If your question is clearly off-limits (i.e., related to proprietary technical details), | will respond to your post and request that you submit a new question.

Reply




: L7: Applied
Carnegie . |
Mellon Machine Learning

University

18-848 RadarML

Tianshu Huang




Crash Course: Applied Machine Learning

e Training & Evaluation

o Variance of Evaluation




Review: Variance, Stddev, Stderr
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Review: Confidence Intervals
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How much test data do we Need?



Evaluation Scales with Standard Error

Definition 2.2 (Evaluation noise). An empirical mean over nies i.i.d. test samples has standard error

SE=-—2 . Unuwfann, SW\&L thwate

vV Ntest

Assumption 2.2 (Regret of a noisy decision). [Choosing among candidates by their measured scores, when

each score is off by O(0 /\/Ntest), costs us qualitylof the same order. Writing the shortfall relative to a perfect
oracle decision: )
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Data Scaling is Approximately Logarithmic
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How much val/test data do we need?

If we assume that model quality scales with log(ntrain) and evaluation accuracy with nt_cit/ 2, then:
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How much val/test data do we need?
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What if we are measuring rare events?
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Review: Coefficient of Variation
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How do we compare two methods? Cr‘ dee)
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Aside: what test?

You may have heard of:

t-test — small samples
permutation test
chi-square test

A Z-test is almost always good enough in deep learning
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Similar performance = Rare events!
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Effective Sample Size (ESS)
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ESS > N?
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More Training vs Evaluation Data

1 Train Split
Noisier metrics Consistent metrics
More complicated method Simpler method
Correlated data (ESS < N) Uncorrelated or curated data
Rare events / similar methods Dense evaluation metrics

Weaker scaling ’ 1 Stronger scaling

log

If you are uncertain




Crash Course: Applied Machine Learning

e Learning at Scale
o Foundation Models

20



A Modern Foundation Model Pipeline

self-supervised supervised fine-tuning reinforcement learning

Domain & tool

Pre-training il RLVR

web, code, images curated Q&A code, math, tools  tests, proofs
next-token loss imitate answers specialisation reasoning traces
base »> instruct > specialist »> reasoning

>

+

RLHF

preference pairs
reward + PPO

aligned
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Density of Supervision

Yann Lecun, 2016 # “Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar
reward given once in a while.
> A few bits for some samples

# Supervised Learning (icing)
» The machine predicts a category
or a few numbers for each input

> Predicting human-supplied data
» 10-10,000 bits per sample

# Unsupervised/Predictive Learning (cake)

» The machine predicts any part of
its input for any observed part.

» Predicts future frames in videos
> Millions of bits per sample

# (Yes, I know, this picture is slightly offensive to RL folks. But I'lLl make it up)
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Pareto Frontier of Dataset Types

Relevance vs abundance and density of supervision

abundance
of supervision

A internet text

curated text

quantity chat logs

reinforcement learning
(verifiable rewards)

supervision

) reinforcement learning
density

(human feedback)

»
»

relevance
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Perception Foundation Models
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What to do with a foundation model?
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Distillation is a more dense form of supervision
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Crash Course: Applied Machine Learning

e Learning at Scale

o Scaling Laws
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What is a scaling law?
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“Scaling Laws for Neural Language Models”, https://arxiv.org/abs/2001.08361
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https://arxiv.org/abs/2001.08361

Model Scaling

Gradient descent is intrinsically regularizing

Here’s the trick. There is a very natural space to view gradient descent

where all the dimensions act independently — the eigenvectors of A.
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https://distill.pub/2017/momentum/
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https://distill.pub/2017/momentum/

Model Scaling
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Left: Scaling Laws for Neural Language Models https://arxiv.org/abs/2001.08361
Right: Scaling Vision Transformers https://arxiv.org/abs/2106.04560
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https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2106.04560

Context Scaling

Test Loss

Left: Unpublished radar paper
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Right: Scaling Laws in Patchification https://arxiv.org/abs/2502.03738
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https://arxiv.org/abs/2502.03738

Data Scaling 42
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Linear Regression Excess EPE Power Law
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Linear Regression Excess EPE Power Law
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NTK (Neural Tangent Kernel) Theory

“Every Model Learned by Gradient Descent is Approximately a Kernel Machine”

https://arxiv.org/abs/2012.00152

Linear fixed d
Kernel d=N
NN Implicit Kernel dxN
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https://arxiv.org/abs/2012.00152

Why is data scaling approximately logarithmic?

2. For large models trained with a limited dataset with early stopping:
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Key Takeaways

Foundation models let us exploit large datasets which do
not exactly match the downstream task

Scaling among many axes (but especially data) is a power
law which is approximately logarithmic




Lab 2 Posted

e Submit via canvas; due 10/06

o One week revision period after comments are posted
e Training takes time. Start early!

o Lab 2 infra has a substantial learning curve

o PSC can have long queues

o No deadline extensions due to failure to plan ahead!
e Lab 2 checkpoint due 09/22: log in to PSC

o Or show that you have your own compute set up
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In Lab 2, you will:

Work with (relatively) complex infrastructure which may be new to you
Propose and implement a change to the GRT model

Run your own data scaling study

Estimate the uncertainty of your results
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Generalizable Radar Transformer (GRT)

at a Glance

4D radar cube
256 range x 64 Doppler ) .
. . input encoding
x 8 azimuth x 2 elevation (range, Doppler)

output encoding
(range, azimuth, elevation)

Transformer
Encoder

/ i> 3D occupancy
[OUT] i

(range, azimuth, elevation)
Transformer

Decoder
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Programming Constructs & Tooling

Some things which may be new to you:

Types (+ protocols, generics, Jaxtyping, ...)

Dependency Injection

uv, hydra, slurm

Linters, type checking, unit tests, pre-commit, Cl (github actions)
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Next Time

e What hardware components go into a radar?
e How do quirks in the hardware affect the radar signals?

e How do we choose the right hardware & components?
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