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Administrivia

‣ Assignment 2 released, due in two weeks (along with quiz)
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‣ Then Assignment 3 out, then midterm

‣ Final project: post-spring break

‣ Quiz 1 back



Triton: Weighted Sum

5 weight output



Triton: Weighted Sum
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One execution of 
the kernel

weight outputMemory coalescence depends on sizes



FlashAttention

7

How to do this with as few reads and writes as possible?

Idea: construct S in tiles, use those to compute P, and build O directly

Forward pass of attention:

Each query becomes a row of attention. Handle in blocks of Bq rows

Why is this not so simple?



Softmax
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-29 -30 -20 -20

-10 1 1 -10

S
Subtract off max (-20)

-9  -10  0  0

Exponentiate

0.0001   0.000045   1   1

Sum 2.000145

Normalize

Then multiply by V to get O

…



Softmax
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-29 -30 -20 -20

-10 1 1 -10

Subtract off max (-20), but that’s 
not in the first tile

Exponentiate

Sum (only partial)

Normalize

Then multiply by V to get O

S



Online Softmax
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-29 -30 -20 -20

-10 1 1 -10

partially 
normalized

-29
partial sum with	
m1 “held out”

-20

new partial sum with m2 “held out”
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why is L needed at all? backward pass!
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m, l are easy to store

finally normalize by l

sanity-check: why is m not needed here?



ZeRO
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‣ Split computation across GPUs



Hyperparameter	
Optimization
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Hyperparameter Optimization
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‣ How do we typically optimize hyperparameters?

‣ Define a grid of values

Learning rate: {1e-6, 3e-6, 1e-5, 3e-5}…

Weight decay: {0, 1e-4, …}

Batch size: {64, 128, 256}

‣ Loop over all combinations, pick the one which is best on a validation set

‣ What are the drawbacks of this?



How important is tuning?
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Bayesian Optimization
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‣ Step 1: Define surrogate model (e.g., Gaussian process)
Credit: ChatGPT

‣ Step 2: Decide where to evaluate next (where will give us expected improvement?)

‣ Step 3: Evaluate and update surrogate



How slow is this?
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‣ Grid search: 3x3x3 grid is 27 values, can maybe get away with ~10 evaluations if 
we’re smart	

‣ Bayesian HPO: Even in low-dimensional spaces, we likely need at least 20 
evaluations

‣ How much does it cost to train a frontier model? How many evaluations can we 
afford?

1



Scaling Laws

19 Kaplan et al. (2020)



Scaling Laws

20 Kaplan et al. (2020)
‣ What does a relationship like this allow us to do?



Scaling Law History
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Slide credit: Tatsu Hashimoto
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Early Scaling Laws
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Early Scaling Laws
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Early Scaling Laws
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2007



Early Scaling Laws
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Early Scaling Laws

26 Hestness et al., 2017



Early Scaling Laws
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Early Scaling Laws

28 Hestness et al., 2017



Data Scaling Laws
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Slide credit: Tatsu Hashimoto
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Data Scaling Laws
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Foundations

31



Example: Mean Estimation
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Example: Mean Estimation
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the Central Limit Theorem:



Scaling Laws in Practice
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Function Approximation
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by averaging over samples in the box

(essentially the error of the mean estimate in the box)



Function Approximation
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by averaging over samples in the box

(essentially the error of the mean estimate in the box)



Intrinsic Dimensionality
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Intrinsic Dimensionality
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(we’ll revisit this later)



Repeating Data
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Muenninghoff et al. (2023)



Data Scaling Laws
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Model Scaling Laws
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Slide credit: Tatsu Hashimoto
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Model Scaling Laws
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Consider: 1. Architecture; 2. Optimizer; 3. Aspect ratio/depth; 4. Batch size



Architecture
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Architecture

44 Tay et al. (2022)
size = num params

Switch Transformer



Optimizer
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Depth/Width
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Kaplan et al. (2020)



Depth/Width
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Kaplan et al. (2020)



Depth/Width

48 Kaplan et al. (2020)



Batch Size
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Batch Size

50 Kaplan et al. (2020)



Batch Size
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Kaplan et al. (2020)



Scaling: Downstream Eval
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Scaling: Downstream Eval
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Chinchilla: Data x Model
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Slide credit: Tatsu Hashimoto
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Model x Data Scaling
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Model x Data Scaling
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Compute Tradeoffs
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Compute Tradeoffs
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‣ train on more data	
with a smaller model



Compute Tradeoffs
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Method 1: Minimum over Runs
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Method 2: IsoFLOPs
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Method 3: Joint Fits
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Overtraining
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Putting it together:	
DCLM and OLMo 3
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Slide credit: Tatsu Hashimoto
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DataComp Language Modeling
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DataComp Language Modeling
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Followed on earlier “DataComp” projects for language modeling

Fixed dataset to allow for testing of algorithms with data held constant

…but what people ended up using was actually just the dataset they made

1x = number of repeats of the dataset



Predictability
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Evals at small scale predict scores at higher scale (positive correlation)



Data Filtering
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Data Filtering
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OLMo 3
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OLMo 3
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Along with DCLM, one of the few “fully open” language models: open 
weights, open data, ability to reproduce given the compute.	
(Note: Llama/Qwen/etc. lack open data.)

Several models; we will cover what all this means more with post-training:



OLMo 3
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73



74

Evaluating base models is hard: we want to make sure they will help with 
math and coding 

Evaluating Scaling

Want to find: metrics on easy data where small models can improve.



75

Evaluating base models is hard: we want to make sure they will help with 
math and coding 

Evaluating Scaling

Want to find: metrics on easy data where small models can improve.	
Then: evidence that those gains transfer to large models.
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“Math Easy” and main eval performance are very correlated!

Evaluating Scaling



SFT
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Task Generalization: T0

78 Sanh et al. (2021)

‣ T0: tries to deliver on the goal of T5 
and do many tasks with one model

‣ Crowdsourced prompts: 
instructions for how to do the tasks



Task Generalization

79 Sanh et al. (2021)

‣ Train: a collection 
of tasks with 
prompts. This uses 
existing labeled 
training data

‣ Test: a new task 
specified only by a 
new prompt. No 
training data in this 
task

Train Test‣ Pre-train: T5 task



Flan-PaLM

80 Chung et al. (2022)

‣ Flan-PaLM (October 20, 2022): 1800 tasks, 540B parameter model fine-tuned on 
many tasks after pre-training



Flan-PaLM

81 Chung et al. (2022)

‣ Flan-PaLM (October 20, 2022): 1800 tasks, 540B parameter model

‣ MMLU task (Hendrycks et al., 2020): 57 high school/college/professional exams:



Flan-PaLM

82 Chung et al. (2022)

‣ Flan-PaLM (October 20, 2022): 1800 tasks, 540B parameter model

‣ MMLU task (Hendrycks et al., 2020): 57 high school/college/professional exams:



Flan-PaLM

83 Chung et al. (2022)

‣ Human performance estimates are ~80 on Big-Bench (BBH)



Self-Instruct/Alpaca

84 Ronen Taori et al. (2023) Alpaca

‣ Fine-tune Llama on 52k outputs with answers 
generated by text-davinci-003

Yizhong Wang et al. (2023) Self-Instruct



“Found” Instruction Data
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‣ MAmmoTH2: extract 
instruction data from the web 
(using LLMs to reformulate it)

‣ MAGPIE: generate user 
prompts and then the 
responses from scratch using 
an LLM, then filter them and 
train on that data
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Next time
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‣ Post-training: understanding supervised fine-tuning (SFT)

‣ In two classes: GRPO/RLHF


