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This session

• Survey & announcements 

• Developing LLMs (Q&A) 

• Ethical issues (in-class assignment) 

• Introduction to Lab 3



Survey: The first two weeks











How much time did you spend on each lab? 

Is that a good thing or a bad thing? 

What feedback did you ask for? Did it help? 

How did you use AI tools? Did it help?



Announcements

• General review of the portfolio 

• No project seminar this week 

• Pitch your project ideas to me!



Overview of Unit 3: Developing LLMs



Overview of this unit

3.1	 	 Introduction to LLM development 

3.2	 	 Training LLMs 

3.3	 	 Data for LLM pretraining 

3.4	 	 Scaling laws 

3.5	 	 Emergent abilities of LLMs 

3.6	 	 Environmental cost of LLMs



Lecture 3.2, question 2





Lecture 3.2, question 3



Learning rate scheduling

Phase 2:  
cosine decay

Phase 3:  
plateau

Phase 1:  
linear warm-up



Lecture 3.3, question 5



Impact of high-quality data
the design choices we made. Note that to train these models we randomly sampled 350 billion tokens
from each dataset, without upsampling any individual Common Crawl snapshot.

Figure 9: Each processing step in FineWeb pro-
vides a performance uplift. Compared to the base
filtering (Section 3.3), applying individual-crawl Min-
Hash deduplication (Section 3.4) the C4 filters (Sec-
tion 3.5), and our additional heuristic filters (Sec-
tion 3.6) each improve performance.

Figure 10: Comparing FineWeb datasets to other
public datasets. Base FineWeb shows strong perfor-
mance, with the educational subset (FineWeb-Edu)
surpassing all other public datasets and further en-
hancing the aggregate score by approximately 2%.

4 FineWeb-Edu

An interesting approach has recently emerged for filtering LLM training datasets: using synthetic
data to develop classifiers for identifying educational content. This technique was notably used in
the non-public pretraining datasets of Llama 3 [6] and Phi-3 [8], but its large-scale impact on web
data filtering has not been publicly explored. We applied this technique to FineWeb by filtering it
with an educational quality classifier developed from synthetic annotations generated by Llama-3-
70B-Instruct [62]. The resulting dataset, FineWeb-Edu, contains 1.3 trillion tokens. FineWeb-Edu
is specifically optimized for educational content and outperforms all openly accessible web-based
datasets on a number of reasoning- and knowledge-intensive benchmarks such as MMLU, ARC, and
OpenBookQA by a significant margin.

To build the synthetic annotations, we use Llama-3-70B-Instruct to score 460,000 randomly sampled
webpages from the FineWeb CC-MAIN-2024-10 snapshot for their educational quality on a scale
from 0 to 5. We explored several prompt formats to automatically extract an educational score using
an LLM and found that the additive scale used in previous work Yuan et al. [63] worked best. It
allows the LLM to evaluate each criterion and build the score step-by-step, unlike the single-rating
scale [64] which assigns a fixed score based on predefined categories. To avoid having the LLM favor
highly technical pages like arXiv abstracts and submissions, we prompted it to focus on grade-school
and middle-school level knowledge. The prompt used for synthetic annotations is in Appendix F.1.

To scale our filtering to the entirety of FineWeb, we trained a linear regression model on top of the
Snowflake-arctic-embed-m embedding model [65]. We fine-tuned this linear regressor on 410,000
of our Llama 3 synthetic annotations for 20 epochs with a learning rate of 3e-4 (while keeping the
embedding and encoder layers frozen). We selected the checkpoint with the highest F1 score on
the held-out validation set containing the remaining 50,000 samples, treating Llama 3 annotations
as ground-truth. After training, we rounded the model’s output scores to integers from 0 to 5. We
then used fixed thresholds to classify whether a given document from FineWeb was educational. We
investigated the impact of using different thresholds for the filtering and ultimately chose a minimum
threshold of 3 for FineWeb-Edu, which ultimately gave the best trade-off between performance
on knowledge and reasoning intensive benchmarks and the performance on other benchmarks like
HellaSwag [66]. With a threshold of 3, the model achieved an F1 score of 82% on the validation set,
indicating strong performance in distinguishing high-quality educational content.

Applying the classifier to the 15 trillion tokens of FineWeb required 6,000 H100 GPU hours.

To confirm the effectiveness of education filtering at a larger scale, we conducted a larger ablation
training a 1.71B model on 350 billion tokens, similar to the FineWeb filtering ablations mentioned

8

Pe
ne

do
 e

t a
l. 

(2
02

4)

https://arxiv.org/abs/2406.17557


Lecture 3.4, question 5



Large language models can be too large

Figure 1 | Overlaid predictions. We overlay the predictions from our three di�erent approaches,
along with projections from Kaplan et al. (2020). We find that all three methods predict that current
large models should be substantially smaller and therefore trained much longer than is currently
done. In Figure A3, we show the results with the predicted optimal tokens plotted against the optimal
number of parameters for fixed FLOP budgets. Chinchilla outperforms Gopher and the other large
models (see Section 4.2).

In this work, we revisit the question: Given a fixed FLOPs budget,1 how should one trade-o� model
size and the number of training tokens? To answer this question, we model the final pre-training loss2

!(#, ⇡) as a function of the number of model parameters #, and the number of training tokens, ⇡.
Since the computational budget ⇠ is a deterministic function FLOPs(#, ⇡) of the number of seen
training tokens and model parameters, we are interested in minimizing ! under the constraint
FLOPs(#, ⇡) = ⇠:

#=>B (⇠), ⇡=>B (⇠) = argmin
#,⇡ s.t. FLOPs(#,⇡)=⇠

!(#, ⇡). (1)

The functions #=>B (⇠), and ⇡=>B (⇠) describe the optimal allocation of a computational budget ⇠. We
empirically estimate these functions based on the losses of over 400 models, ranging from under 70M
to over 16B parameters, and trained on 5B to over 400B tokens – with each model configuration
trained for several di�erent training horizons. Our approach leads to considerably di�erent results
than that of Kaplan et al. (2020). We highlight our results in Figure 1 and how our approaches di�er
in Section 2.

Based on our estimated compute-optimal frontier, we predict that for the compute budget used
to train Gopher, an optimal model should be 4 times smaller, while being training on 4 times more
tokens. We verify this by training a more compute-optimal 70B model, called Chinchilla, on 1.4 trillion
tokens. Not only does Chinchilla outperform its much larger counterpart, Gopher, but its reduced
model size reduces inference cost considerably and greatly facilitates downstream uses on smaller
hardware. The energy cost of a large language model is amortized through its usage for inference an
fine-tuning. The benefits of a more optimally trained smaller model, therefore, extend beyond the
immediate benefits of its improved performance.

1For example, knowing the number of accelerators and a target training duration.
2For simplicity, we perform our analysis on the smoothed training loss which is an unbiased estimate of the test loss, as

we are in the infinite data regime (the number of training tokens is less than the number of tokens in the entire corpus).
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Lecture 3.5, question 5



Prompt engineering

Prompt Accuracy

Let’s work this out in a step by step way to be sure we have the right answer. 82.0

Let’s think step by step. 78.7

First, … 77.3

Let’s think about this logically. 74.5

Let’s solve this problem by splitting it into steps 72.2

Let’s be realistic and think step by step. 70.8

Let’s think like a detective step by step. 70.3

(Zero-shot) 17.7

designed by a LM



Ethical issues







Tasks

• Read the article. 

• Use an AI assistant to generate a 200-word summary. 

Enter the summary into the form. 

• Discuss with your neighbour: 

• Was the company’s behaviour ethical? 

• Do you consider the AI-generated summary a good summary? 

Enter your answer to the latter question into the form.



https://forms.office.com/e/FHaLGJ1Nt2



Introduction to Lab L3


