Goal Today: Different Approaches to Hyperparameter Tuning

Kaplan, 2020, https://arxiv.org/pdf/2001.08361
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Hyperparameter Optimization

Problem: which training parameters should I use?
* 0.01 or 0.001 learning rate?
* 0.9 or 0.99 momentum?

* 4 or 5 decoder blocks?

Evaluation of f 1s expensive



Hyperparameter Tuning is Costly

Consumption COse (Ibs)
Air travel, 1 passenger, NY <>SF 1984
Human life, avg, 1 year 11,023
American life, avg, 1 year 36,156
Car, avg incl. fuel, 1 lifetime 126,000
Training one model (GPU)
NLP pipeline (parsing, SRL) 39
w/ tuning & experimentation 78,468
Transformer (big) 192
w/ neural architecture search 626,155

Table 1: Estimated CO5 emissions from training com-
mon NLP models, compared to familiar consumption.’

GPT-4 cost more than 100 Millions!

Infeasible to train many models




Scaling Laws: An Interesting Phenomenon

Scaling laws hold in many domains
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Significance:

1. Predicting large-scale results => Efficient Design Choice
2. Allow low-budget contribution from research community

3. Enable resource allocation decisions (# of nuclear plants/gpus needed)



Scaling Law: Identify Best Hyperparameters From Trend

Best # of layers?

Kaplan, 2020, https://arxiv.org/pdf/2001.08361

Best architecture?

Kaplan, 2020, https://arxiv.org/pdf/2001.08361
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Data Scaling Laws for Language Models
An empirical observation:

Loss and dataset size is linear on a log-log plot
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Conceptual foundations of data scaling laws.

{ Q: Why do scaling laws show up? ]

We know error should be monotone >

alization Error (Log-scale)

Gener

But why is it a power law / linearin log-log?

Training Data Set Size (Log-scale)

{ A: Estimation error naturally decays polynomially. J

But this answer may take a moment to understand. Let’s work through an example.

Example: If our task is to estimate the mean of a dataset, what’s the scaling law?

https://stanford-cs324.github.10



Toy example: mean estimation

Input: x; ..x, ~N(u,o2)

Zixi
n

Task: estimate the average as i =

What’s the error? By standard arguments..

E[(2 — w)?] =<

n

This is a scaling law!!
log(Error) = —logn + 2logo

More generally, any polynomial rate 1/n“ is a scaling law

https://stanford-cs324.github.10



Scaling law exponents: an intriguing mystery

Fact: Similar arguments show most ‘classical’ models (regression, etc) have % scaling

This means we shouldseey = —x + C
What do we find in neural scaling laws?
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Detour: scaling laws for (nonparametric) learning

Neural nets can approximate arbitrary functions. Lets turn that into an example.

-

Input: x; ... x,, uniformin 2D unit box. y; = f(x;) + N(0,1)

Task: estimate f(x)
1
Approach: cut up the 2D space into boxes with length n 4, average in each box

What’s our estimation error?
Informally, we have /n boxes, each box gets v/n samples.

Error = — + (other smoothness terms)

Vn

In d-dimensions, this becomes Error = n~/¢ - This means scalingis y = —%x + C

Takeaway: flexible ‘nonparametric’ learning has dimension dependent scaling laws.

https://stanford-cs324.github.10



Intrinsic dimensionality theory of data scaling laws

1. Scaling laws arise due to polynomial rates of learning n—la

2. The slope a is closely connected to the intrinsic dimensionality of the data.
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Some recent work (Bahri+ 2021) have tried to verify this empirically

https://stanford-cs324.github.10



X-axis of Scaling Laws Can Be Different (# of parameters)

Best # of layers?

Kaplan et al., 2020, https://arxiv.org/pdf/2001.08361

Best architecture?

Test Loss 5.4

Kaplan, 2020, https://arxiv.org/pdf/2001.08361
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Joint parameter-data scaling Law. How to scale?
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Hoffmann, 2022, https://arxiv.org/pdf/2203.15556
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Putting on reviewer 2’s hat:

. How well does 1t extrapolate? Does best parameter remain fixed at all scale?
. What is x? Are all parameters/data equal?
. What 1s y? What’s the scaling behaviour on task accuracy? Or on OOD data

. How do parameters of scaling law depend on architecture, or on the relationship

between train/test data?

L=L,+ pn“

o = f(architecture, relevance of train to test data)?



Scaling Law’s extrapolation can lead you astray
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Scaling Law’s extrapolation can lead you astray
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Are all parameters equal?

Kaplan, 2020, https://arxiv.org/pdf/2001.08361
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Are all data equal? Intercept changes but exponent does not

Hashimoto, 2021, https://proceedings.mir.press/v139/hashimoto21a/hashimoto2ia.pdf
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Data composition does not affect the slope?
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Are all data equal? Different data sources changes exponent

Composition of the Pile by Category

= Academic * Internet = Prose * Dialogue * Misc

ArXiv

FreeLaw USPTO NIH

Figure 1: Treemap of Pile components by effective size.

1: Domain of validation data
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Are all data equal? Different target data changes exponent

Kaplan et al., 2020, https://arxiv.org/pdf/2001.08361
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learned knowledge (bits)

ImageNet-R (top-1, %)

Are all data equal? Bad data can worsen your model

Nguyen et al., 2022, https://arxiv.org/pdf/2208.05516
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Are all data equal? High-quality data gives you a lot more

Gunasekar et al., 2023, https://arxiv.org/pdf/2306.11644
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Eldan et al., 2023, https://arxiv.org/pdf/2305.07759



https://arxiv.org/pdf/2306.11644
https://arxiv.org/pdf/2305.07759

Does Scaling Law work out of distribution?

Trained on WebText. Evaluate on the rest.

Kaplan, 2020, https://arxiv.org/pdf/2001.08361
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Scaling Law still holds, albeit with different intercept (and slope?)



Does Scaling Law work for downstream tasks?

No, at first glance...
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Does Scaling Law work for downstream tasks?

Normalized score

Just because LLM needs to be
correct multiple times

Task dependent:

Highest linearity tasks
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Recap on Scaling Law

e Surprisingly robust pattern. Has theoretical foundation.

e Doesn’t always work. Need to carefully think about the axis.



Motivating problem: hyperparameter costs

Kaplan, 2020, https://arxiv.org/pdf/2001.08361
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Hyperparameter Optimization

r” = argmin f(x)

* £ 1s unknown (performance of data)
* X 1S hyperparameter (data mixture, optimizer, learning rate etc.)
* No gradients

» Evaluation of f 1s expensive



Bayesian Optimization - Bayesian Statistics

Likelihood Prior
P(6]D) =\F«?>|e>P(6)/

il

Posterior Evidence

D data @ something we do not observe
P(6)| initial belief of distribution of what we don’t know

P(D|0)| the data generative process



Bayesian Optimization - Distribution of Function Given Data
D data @ functions

P(0) P(D|0) determined by Gaussian process
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Bayesian Optimization - What’s the next point I should choose?

Iteration 1
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Separate Idea: Multi-fidelity

(a) Configuration Selection

Loss
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Multi-fidelity Bayesian Optimization

r" = argmin f(z,s”)

¢.g. I want to train the best model for s**=100 steps

I can train any X with s < s"* steps with cost c(s)



Multi-fidelity Multi-scale Bayesian Optimization

r" = argmin f(x,s",m")

¢.g. I want to train the best 1B model for s**=100 steps

I can train any X with s < s** steps and any smaller model m < 1B

The cost 1s ¢(s, m)



Multi-fidelity Multi-scale Bayesian Optimization (Data Mixing)
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Multi-fidelity Multi-scale Bayesian Optimization (Data Mixing)
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Recap on Bayesopt

e Instead of believing 1n a line, we can use Bayesian optimization

e Data mixing coefficients (could) transfer better from smaller scale
experiments

e Difference between model scale and steps provide rich structure for
future work



Something we’ve been missing: change data mixture on the fly

Akin to Curriculum learning: learn easy then hard
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Books
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(b) Training Data

Distribution with Heuristics- (c) Data mixture as an adaptive optimization problem
based Filtering

(d) Our multi-scale multi-fidelity
bayesian optimization setup

Project w/ Andrew, Tony



Some heuristic curriculum training

Human Curriculum

Sequence-length

Lee et al., 2023, https://arxiv.org/pdf/2310.09518

Key Concepts (Topics) Instruction Dataset
| Decision trees: Q: Explain the role of kernel functions in
n X Support Vector Machines (SVMs) and how they enable
B hods:
I ayesian methods —_— SVMs to work well with non-linearly separable data.
Support vector machines (SVM):

A: Kernel functions play a pivotal role in SVM,

Support vector machines are supervised

learning algorithms used for classification eSpeCig{lydWhen dealing with non-linearly Q
and regression tasks. Synthetic data gen. separable data. .. Q0
: Hard (Apply) 3,

7 . W !

Syllabus Concepts generation &> Total 19 Questions with diverse cognitive level <
<

CIS 5190 Applied Machine Learning (0: Is SVM a supervised learning algorithm? h o
This course will introduce supervised learning A: Ye_s, Support‘ Vector ; Machine '(SVM) _is_ a Q'
(decision trees, logistic regression, support vector supervised learning algorithm. It is primarily [
machines, Bayesian methods, neural networks and used for classification, but it can also be used 3
deep learning), unsupervised learning (clustering, kfor regression. .. ) c
W Medium (Understand) 2'
-

f . iculum: (0: Is "SVM" an abbreviation for "Support Vector g

or course 1n curriculum: Machines"? 3

H A: Yes, "SVM" is an abbreviation for "Support =3

Integrated Curriculum Vector Machines". SVM is a popular method in Q

Secondary Grad. \_ Machine learning .. Y,
school school Easy (Remember)

‘T1 1 BEE? D, Dy
1

original documents ' concat-and-chunk ' dataset decomposition

Figure 2: Each cell in the figure represents a token. Left: Original documents with variable lengths.
Middle: Concat-and-chunk baseline to form sequences with a fixed target length (here = 4). Right:
Dataset decomposition method with Dy, D,, and D3 buckets .

Pouransari et al., 2024, https://arxiv.org/pdf/2405.13226



https://arxiv.org/pdf/2310.09518
https://arxiv.org/pdf/2405.13226

Training-dynamic-based approaches

3

Calculate Loss > Calculate 7@;
Loy, \v using Lo, \v

Update Model
with Lo, Update (D)

l

Model
Data Mixing Distribution 74 (D) f@ Updated Data Mixing Distribution 71 (D)

Train more on higher loss ¥ J

according to
(D)

Figure 2: Overview of Online Data Mixing (ODM) as a multi-armed bandit. At each iteration
of training, ¢, a dataset D; is sampled according to the data mixing distribution 7. The loss Lp, is
calculated w.r.t the model fy and subsequently used to update the model. Simultaneously, a reward

7A22- is calculated and used to update 7 for the next iteration, ¢ + 1.

Albalak et al., 2024, https://arxiv.org/pdf/2312.02406

Use (domain-specific) dL(n) _ —oxfen™ ™ 1 . (Fu(m) — e0)
Scaling Law to tell which dn n n " b k
iS morec leamable Learning speed Reducible loss

Jiang et al., 2024, https://arxiv.org/pdf/2410.11820
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Training-dynamic-based approaches

U(t)(S; z(Val)) = L(wy, z(val)) — (w1 (S), z(val))

(which data improves validation loss the most)

Expensive to compute.

Applicable only for selecting a mini batch from a batch

Project w/ Mohamed, Tao & Xincan



Recap on adaptive data mixing:

e Ongoing research. Extremely simple heuristics at the moment

e Likely alot to do here



Data Categories

Composition of the Pile by Category

= Academic * Internet = Prose * Dialogue * Misc

Bibliotik

Coarse categories

PubMed Central ArXiv
StackExchange
PMA Github
FreeLaw USPTO NIH |[OpenWebText2 Wikipedia DM Math

Figure 1: Treemap of Pile components by effective size.

Is there anything better?



