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Logistics

Assignments

• A1 out. Due Midnight Monday

Quiz

• Q1 on Tuesday during class time.

• Just show up – closed book, no cheatsheet etc.

• We will go over answers right after in class.

Office hours

• We will have them for next 2 weeks. See website for when!



Deep learning is now an experimental science



Experimental sciences have universal skills

Deep learning is a lot less like CS, a lot more like biology

Tight experiment loops, learning from and designing experiments are very important

Code

Researcher
Run experiment Learning

Implement



Building good basic skills for experimentation

Optimizing the system Being efficient Measuring the right thing

Part 1: Hyperparams Part 2: Scaling Part 3: Stochasticity

Part 4: Debugging



Hyperparameters

What’s a hyperparameter? Anything we choose by hand (often any nuisance parameter)

When an experiment ‘fails’, the only thing we know is that at least one setting is baad

Deep learning

Outcome

Optimizer

Architecture

Which optimizer?

What learning rate?

QK norm yes or no?



Common (and important?) hyperparameters

Learning rate Model size / shape Number of steps

Learning rate



What happens when you don’t tune a hyperparameter?

Let’s go through a simple case study.. Building a “differentially private” language model

Open problem – large model size poses statistical + computational issues

Using a public language model to build a private downstream model

Public data Large LM

Private data

Differential privacy

This is possible!



Doing the “obvious” thing (DP-SGD)

What people thought: The “obvious” thing of using DP-SGD doesn’t work

Typical hyperparameters

Optimal hyperparameters

Found via a ‘signal-to-noise ratio’ analysis

‘Naive’ choices were almost 100x off!

Actual phenomenon: People just didn’t tune the hyperparameters enough



Case study 2: repeating data

Can repeating data give us better performance?

We get no benefits past a certain point (600M params w/ 200M dataset) even with infinite compute



Case study 2: repeating data

With optimal (or well tuned) regularization, we get clean trends

Changes the performance by a lot, and changes the qualitative conclusions



Case Study 3: AdamW alternatives

Different optimizers can require different hyperparameters! 

(and likely have different optimal hyperparameter scaling)



What hyperparameters should we consider?

From assignment 1: a non-comprehensive list.

This is a lot! It’s very high dimensional and potentially hopeless if hyperparam-> loss is an arbitrary function in 21 dims  



Let’s walk through a hyperparameter investigation together

Core question: how do we set LR / batch hyperparameters?

Large scale scaling law study from StepFun 



First step: how does performance change with LR and BS?

1. Using the same optimal LR isn’t too bad (yay AdamW)

2. But the optimum does shift with batch size!

3. Nice, quadratic-ish shape in log-LR space.



A 2d version of this surface

Thanks to StepFun compute, we can see a ‘nice’ surface on how these two seem to relate



How does this change with model size / data size?

As we change the dataset size (D), the optimal batch size and learning rates both shift.

As we change the model size (N), the optimal LR also shifts!

We need to always be vigilant in making sure our hyperparameters are (near) optimal!



Rough mental model of hyperparameters

Hyperparams need to be constantly re-tuned (esp for new methods and settings)

Have a good sense of what to tune, and how

Be efficient with your compute! (hyperparameters are ultimately very trial-and-error)



One final trick: vmapping

To search over big hyperparameter grids, we want small models.

But! Small models are sometimes very inefficient due to kernel launch overheads

Is there something better we can do? Yes! A ‘vmap’ is generalized batching that’s useful



Hyperparameters

The unglamorous, but very important part of empirical ML research. 

In theory its not hard (‘just search’) but practically complex 

• Searching the ‘right’ variables and scales (takes experience)

• Being rigorous about falsifying your own setup

• Picking the right scale to trade off number of experiements vs fidelity



Experimental efficiency

Deep learning is partly a numbers game

Code

Researcher

Experiment

Run experiment Learning

Implement

Your best shot at learning and optimizing systems is to run lots of experiments 



Bottlenecks in empirical ML

There are bottlenecks to each of the 3 steps

Learning: we need to think, absorb experiments (but maybe you’re fast at this)

Implementation: getting easier all the time with agents

Running experiments: FLOPs bound. At larger labs, your experiments get bigger.

How can we run experiments more efficiently? Core answer: scaling laws



Dealing with expensive experiments in ML

Especially in LLM land: experiments are getting more and more expensive! What do we do?



Cheap proxies to expensive realities

This is far from unique 

biology has similar challenges

What we need 

simple, model 
systems and an 

understanding of 

their limits



Scaling laws as ‘cheap proxies’

Thankfully ML is easier to work with than biology (for now)

We can run experiments at various ‘scales’ (more realistic) and draw inferences

Surprising, and very strong regularities across compute scales!



Earliest (data) scaling law paper – 1993 

Materials from CS336. See Lecture 9/10 on a whole lecture on this stuff



Early history of scaling laws – data scaling

Early tests of functional forms

Kolachina et al 2012 – power law relation between data and downstream performance



Hestness et al 2017

Earliest ‘large scale neural’ scaling work: Hestness 2017

Predictable scaling on many tasks (MT, LM, Speech) and hypothesized scaling shape.



One important use of scaling laws

Q: Do we need more data or bigger models?

Clearly, lots of data is wasted on small models

Joint data-model scaling laws describe how the two relate

From Rosenfeld+ 2020, 
𝐸𝑟𝑟𝑜𝑟 = 𝑛−𝛼 +𝑚−𝛽 + 𝐶

From Kaplan+ 2020
𝐸𝑟𝑟𝑜𝑟 = 𝑚−𝛼 + 𝑛−1 𝛽

Provides surprisingly good fits to model-data joint error.



Pitfalls with scaling laws

Scaling laws don’t come for free! Tons of subtleties

From: marin scaling blog https://openathena.ai/blog/delphi/



Scaling vs hyperparameters

Parameter / flops accounting

What are all the things that could fail when scaling?

Optimal hypers 
change with scale!

Which parameters count?
Is a embedding lookup a FLOP?



Teaser: scaling hyperparameters

Key trick: find scaling rules for optimal hyperparameters

Or invariances (i.e. learning rate = O(sqrt(batch_size))

This lets us dramatically simplify the search and scaling process!



Scaling recap

Scaling is critical to modern empirical ML! Data and model scale impact perf 

Predictability of scaling can be a very powerful tool in experiment efficiency

But also, scaling can be pretty tricky – it can look good until it’s not



How do we know if methods are better or worse?

Is method A actually better than method B?

Many layers to this question, such as if methods are tuned right.

But let’s start with an even more basic one: is this statistically significant?



Modern deep learning is a random process

We train most models using SGD (and friends, like Adam), often for compute reasons.

(Minibatch) SGD operates by gradient descent on randomly sampled examples’ losses.

This is, of course, stochastic (from the random sampling)



Modern deep learning is a random process

We also initialize neural networks randomly. For 𝐷𝑖𝑛 input and 𝐷𝑜𝑢𝑡  output dims

Glorot / Xavier Initialization

𝑊 ∼ Unif −
6

𝐷𝑖𝑛 + 𝐷𝑜𝑢𝑡
,

6

𝐷𝑖𝑛 + 𝐷𝑜𝑢𝑡

He Initialization

𝑊 ∼ N 0,
2

𝐷𝑖𝑛 + 𝐷𝑜𝑢𝑡

(and more. The point is to do symmetry breaking)



Sources of randomness

Data choice and order

 For all stochastic gradient methods, major source of randomness

Initialization

 Necessary for sane functioning of neural nets. 

Stochastic regularization

 Not something we’ll do too much with here, since it’s uncommon in LM land

How much does each source contribute?



Decomposing sources of randomness

In CIFAR, randomness sources are not additive. Any single source leads to similar variance



Mental models of deep learning randomness

SGD is like Brownian MotionSGD is like GD + noise SGD is like a chaotic system

“Small perturbations keep you close” “Small perturbations take you far”



Chaotic systems

Infinitesimal perturbations can lead to macroscopic divergence

Examples – the weather, human behavior, etc .. But also, training deep nets?



Slight spoilers: ‘stochastic’ behavior in deterministic training

A full batch gradient descent run on CIFAR. 

There should be no stochasticity at all! Why do we see ‘stochastic’ spikes?



Know your stochasticity!

Many of the best architecture works in the past had careful treatment of randomness



Minor tip: paired significance tests 
Stats 101 reminder: Usually, we generate standard errors (std dev/sqrt(n)) and 1.96* 

this standard error is the 95% confidence interval.

You have two methods, and the standard errors overlap. Is the difference significant?

Often yes, in machine learning..

https://blog.minitab.com/en/blog/statistics-and-quality-data-analysis/t-for-2-should-i-use-a-paired-t-or-a-2-sample-t

Key observation: 

A lot of the variation in loss 
is variance in problem 
difficulty, not variability 
in training

Takeaway: Be vigilant and know your randomness, but also things are often ok 



Recap: stochasticity

Treat all of deep learning as semi-stochastic

Know the run-to-run variation in your domain

Know how training and optimization amplifies (or damps) randomness

(But often, this is not your biggest problem)



What do we do when things don’t work?

Training blows up Training stops It’s less good than I thought

We need ‘debugging tools’ to see what’s going on inside the model



Diagnostics in deep learning

What do we ‘watch’ in deep learning?

External observables

• Loss curves

• Model predictions (we wont deal with this)

Internal observables

• Activations

• Gradients

• Parameters 



When are internal diagnostics useful?

Isolating the failing 
component

(Activations)

(Gradients / Cotangents)

Tracking dynamics, 
temporal effects

Parameters (and optimizer state)

Loss curve shapes



Learning rate scheduling / loss curves

Loss curves are one useful diagnostic!



What can change loss curves?

Learning rate schedules can leave clear signs on the loss curves



Activation / cotangent tracking

What about internal monitoring? Activations and cotangents can inform signal propagation



Pre-norm layer norms

Similarly, gradient norms can tell us quite a bit about how (and if) models train well



QK norm

'QK norm’ stabilizes training by making the attention and logit better behaved.

In the scaling ViT paper, we see that internal state tracking makes the mechanisms clear  



Build intuition for ‘normal’ behaviors

Some key debugging tools that you should have

Have a good sense of what’s normal. 

 Are nonmontone / spikey losses normal? How much?

 Should internal statistics grow or shrink? By how much?

Know your invariances.

 Certain factors can ‘blow up’ without affecting models

 (a good example of this is models under layer norm)

Compare to ‘known good controls’

 Have baselines, smaller scale runs, that you know work that you can compare to



”Live” example from the Marin training process

During training.. Strange phenomena compared to small scale models

Pretty concerning shapes compared to the smaller scale ladders (colored lines)

Very big parameter norms for ’gated attention’ layers



Debugging steps.

The early layers seem to have ‘attention gates’ that make activations small

Early layers seem to contribute very little to the residual stream

Solution: light weight decay to bring the norms back to ‘sane’ values.



Summary for diagnostics

Know what to track, and how these statistics look “normally”

Know when deviations on these metrics impact behavior (e.g. invariances)

Understand all the knobs you have at your disposal to intervene on the metrics

Other tips:
• Change one thing at a time
• Interpolate from known good (or bad) configurations



Overall summary

Experimental sciences require experiment skills! Think like a biologist or neuroscientist

Be paranoid about your system (hyperparams, stochasticity)

Be efficient, have good model systems (scaling)

Have controls – compare to known good and bad states (debugging)
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  E r r o r =  n  − 𝛼 +  m  − 𝛽 + C


  E r r o r =    [   m  − 𝛼 +  n  − 1 ] 𝛽


   D  i n


   D  o u t


  W ∼ Unif  (  −    6   D  i n +  D  o u t ,    6   D  i n +  D  o u t )


  W ∼ N  (  0 ,    2   D  i n +  D  o u t )

