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Reminders

• Homework 1 is due in 1 week! 

• After today’s lecture, you will have all the content you need to complete it 

• Our first quiz will be the following Tuesday (5 days after the HW1 due date) 

• I will release a practice quiz at least one week beforehand



Resource Usage



Resource Usage

• How can we estimate how much compute/how long a certain experiment will 
take? 

• FLOPs: floating-point operations 

• How computationally expensive is a matrix multiplication? 

• FLOPS: floating-point operations per second 

• How quickly can an H100 run a certain number of computations?

FLOPs and FLOPS

H100 has a peak performance of 1979 teraFLOPS: 1979e12

(This is only true with sparsity; take 50% of this with dense tensors.)



Resource Usage

• How many FLOPs for a forward pass in a linear layer? 

• Batch size = 1024 

• Input dim = 256 

• Hidden dim = 64

FLOPs Examples

2 * 1024 * 256 * 64

x h1W1

Where does the 2 come from?
Recall that in matrix multiplication, all floats are multiplied 
and added at some point



Resource Usage

• How many FLOPs for a forward and backward pass in a linear model? 

• Batch size = 1024 

• Input dim = 256 

• Hidden dim = 64 

• Output dim = 64

FLOPs Examples

x h1 h2W1 W2 L

Compute gradient for :  -> 2 * 1024 * 64 * 64W2 h⊤
1 ( ∂L

∂h2
)

Backward pass via :  -> 2 * 1024 * 64 * 64h1 ( ∂L
∂h2

)W⊤
2

2  more expensive 
than the forward pass!
×

Total forward + backward FLOPs: 
 6 * data points * parameters≈

Forward pass required ≈2 operations per float. How about the backward pass?



Resource Usage

• The maximal FLOPs a GPU can process at once is not usually the same as what it 
does in practice 

• The MFU is the observed throughput (tokens/sequences/FLOPs per second) 
divided by the theoretical peak throughput of the hardware 

• Example: with torch.float16, an A100 has a theoretical peak of 312 teraFLOPS 

• Using the 6  FLOPs estimate from before, when training a 125M parameter 
model, we have a throughput of 200,000 tokens per second:

N

Model FLOPs Utilization (MFU)

MFU =
6ND

P
=

6 ⋅ 125000000 ⋅ 200000
312 × 1012

= 0.48



Resource Usage

What all do we need to store in memory? 

• Copies of the optimizer states (2 for Adam):  

• Forward pass (assuming torch.float32, s.t. 4 bytes per parameter): 

• Copies of the weights of the model:  = 4  + 4  

• Copies of the data and targets/labels:  

•  = batch size, data point,  assumes 64-bit precision in the data 

• Backward pass (assuming torch.float32): 

•

Moptim = 8Nparam

Mmodel Nparam Nbuf

Mdata = 2 × B × T × 8

B T = 8

Mgradients = 4Nparam

Memory



Resource Usage

• How long would it take to train Llama 3 (a 70B-parameter model) on 15T tokens 
given 1024 H100 GPUs?

Exercises

FLOPs = 6 * 70B * 15T
h100_FLOPS = 1979T / 2

FLOPs_per_day = h100_FLOPS * 1024 * (60 * 60 * 24) * MFU
days = FLOPs / FLOPs_per_day

days ≈ 143.93

MFU = 0.5

This is about 3.5M H100 hours.

Same ballpark as the actual 
reported time of 6.4M H100 hours!



Resource Usage

• What is the largest model trainable on 8 H100s with AdamW using torch.float32?

Exercises

h100_memory = 80B
bytes_per_parameter = 4 + 4 + (4 + 4)

num_parameters ≈ 40B

num_parameters = (h100_memory * 8) / bytes_per_parameter



Generation



From Training to Inference

• So far, we’ve talked almost exclusively about how to train language models. 

• Now, we’ll talk about inference, which (in this context) refers to using a trained 
LM to generate new sequences



Decoding from an LM

• LMs learn a distribution  

• How can we use this to generate text? 

• Greedy decoding: pick whichever token maximizes  

• Beam search: keep track of top-  most probable sequences 

• Sampling: pick a token at random according to the probability distribution 

• There are many variants of this!

p(xi |x1, …, xi−1)

p(xi |x1, …, xi−1)

k



Decoding from an LM

hℓ

u = WURMSNorm(hℓ)

We’ll refer to the output probability distribution as .y

Take the final layer representation , pass it through 
a final RMSNorm, and multiply it with the unembedding 
matrix  to get the logits .

hℓ

WU u

WU ∈ ℝvocab_size × d_model



Decoding from an LM

hℓ

y = softmax(u)

To turn the logits into probabilities, pass them 
through a softmax:

softmax(a)i =
exp(ai)

∑j exp(aj)

The softmax normalizes all values in a vector 
such that they sum to 1.

softmax([5, 2, 1]) = [0.936, 0.047, 0.017]

u = WURMSNorm(hℓ)



Greedy Decoding

• Greedy decoding: pick whichever token maximizes  at each 
step  

• Keep going until we generate some end-of-sequence token like <|endoftext|> 

• What might be some issues with this?

p(xi |x1, …, xi−1)
i



Issues with Greedy Decoding

It is very easy to get degenerate outputs when using greedy decoding. The most 
likely tokens right now are not necessarily those that correspond to fluent language 
overall.

[Holtzman et al., 2020]



(Pure) Sampling

The most common methods involve sampling from the LM’s output distribution. 

Just pick a token from the vocab at random, according to the probabilities output 
by the LM. 

This will generate mostly sensible outputs, but there are a lot of weird tokens in the 
tail of the probability distribution.



Issues with (Pure) Sampling

Even in a well-trained model, greedy decoding (and its improved cousin beam search) 
lead to degenerate outputs. Pure sampling leads to ungrammatical gibberish. 

[Holtzman et al., 2020]



Issues with (Pure) Sampling

• Sampling is too random 

p(y |…and in the evenings, they enjoyed playing)
0.1

0.05

cards

basketball

0.05 Civilization

pretend0.01

Top of distribution looks fine.
≈90% chance of getting something good.

JsonObj0.00005 Long tail of bad completions with ≈10% of the probability.

…



Temperature Sampling

Idea: reshape the probability distribution to increase the probability of high-
probability tokens, and decrease the probability of low-probability tokens. 

We use temperature , a hyperparameter, to do this.τ
y = softmax(u/τ)



Temperature Sampling

• Low-temperature sampling ( ) makes more probable tokens even more 
probable, decreasing the “randomness” of the outputs. 

• As , we get the same thing as greedy decoding! 

• High-temperature sampling ( ) increases the probability assigned to lower-
probability tokens, increasing the “randomness” of the outputs.

τ < 1

τ → 0
τ > 1



Top-k Sampling

Top-k sampling: We can truncate the distribution by sampling from only the top-k 
most probable tokens. 

Surprisingly good method, but how do 
you pick ? 

Is the same  always going to be best?

k

k



Nucleus Sampling

Nucleus (top-p) sampling: Or, we can sample from only the top tokens whose 
cumulative probability exceeds some threshold p.

(It’s generally agreed that nucleus sampling is best.)



Nucleus Sampling

• Keep the most probable options accounting for p of the probability mass (the 
“nucleus”), and sample only among these. 

• To implement: sort tokens by probability, truncate list as soon as you exceed p, 
then renormalize and sample from that new distribution

cards

basketball

Civilization

pretend

Sample from top of distribution only.

Cut off distribution after p% of probability mass.

p(y |…and in the evenings, they enjoyed playing)

0.1

0.05

0.05

0.01



Examples



Examples



Practical Details

• In practice, we often combine temperature with nucleus sampling! 

• Order matters: Reshape distribution with temperature first 

• Then, truncate to get only the p most probable tokens



Inference Efficiency

• Parallelizing training is easy: we know what should come next 

• When you prefill text, you can also process the input in parallel 

• During generation, we must process sequentially. Fully using compute is much 
harder

The quick brown fox jumped _________

The quick brown fox jumped over _______

The quick brown fox jumped over the _______



Evaluation



Evaluating Text

• So now we’ve used our LM to generate some text in response to some prompt(s). 
How can we tell how good it is? 

• Seems easy at first: compute accuracy 

• Actually, evaluation is a deep and active area of research that is advancing 
quickly



The Benchmark View

Maybe we consider a model good if it performs well on pre-constructed benchmarks



The Benchmark + Efficiency View

Maybe we say a model is good if it performs well on benchmarks and is efficient 
to run



The Relative Ranking View

Maybe we pit models against each other 
and say that a model is good if it 
generates responses that people prefer 
more often than others.



The Usage View

Maybe we consider a 
model good if people 
choose to pay for it 
and use it more often



Evaluation Metrics

• We haven’t even started discussing how to measure goodness in a benchmarking 
setting yet 

• Let’s start with the original language model evaluation metric: perplexity 

• A language model is a probability distribution over tokens . Using this, 
we can define perplexity as follows:

p(xi |x<i)

Perplexity

ppl = exp( −
1
N

N

∑
i=1

log p(xi |x<i))
Cross-entropy (average surprisal)



Perplexity

• Perplexity is inversely correlated to the probability of the dataset according to 
your model 

• Intuition: captures how “surprised” or “perplexed” your model is upon seeing 
some sequence of text. A good model should minimize this on text that looks 
coherent 

• We implicitly train LMs to minimize this on a training set 

• Ideally, this model should also get low perplexity on held-out test data

ppl = exp( −
1
N

N

∑
i=1

log p(xi |x<i)



Perplexity Benchmarks

• Standard datasets: 

• Penn Treebank (Wall Street Journal) 

• WikiText-103 

• One Billion Word Benchmark
From Radford et al. (2019):



Is perplexity all you need?

• Let’s call the true distribution of language , and the LM’s learned distribution  

• The best possible perplexity is achieved only when  

• By continually decreasing perplexity, some hope we might eventually “solve 
language modeling” or “reach AGI” 

• …But post-training can increase perplexity on the pre-training data 

• And yet, post-trained models are more useful

t p

p = t



Perplexity in Disguise

• Consider a fill-in-the-blank task like LAMBADA: 

• This cloze task is really just measuring the model’s ability to predict the same word 
as in the true distribution—i.e., to minimize perplexity



Perplexity in Disguise

You could imagine an 
easier task where you give 
the model some preset 
list of options, and see how 
often it chooses the correct 
(most probable) one

(This task is called 
HellaSwag [Zellers et al., 
2019])



Exam Benchmarks

• As with humans, exams are a useful 
way to test language models 

• We have control over difficulty 
and subject matter 

• Can design s.t. there is always an 
unambiguous correct answer 
that is easy to grade 

• A common task: Massive Multitask 
Language Understanding (MMLU) 
[Hendrycks et al., 2020]



Exam Benchmarks

Graduate-level Google-proof QA 
(GPQA) [Rein et al., 2023] 

• PhD-level experts get 65% 
accuracy 

• Non-experts achieve 34% 
accuracy with access to Google 

• GPT-4 achieves 39% 

• The latest Claude, ChatGPT, 
and Gemini models all get 
>94%!



Exam Benchmarks

Humanity’s Last Exam (HLE) 

Filtered using frontier LLMs, 
multiple rounds of review



Chat Benchmarks

Most people don’t ask their models multiple-choice questions.

Can you give me a good travel itinerary for a four-year trip to Boston?

I’d think of it as four seasons of becoming a Bostonian:

Year 1 — “I live in Boston now”

Goal: learn the physical city.

• Explore every major Boston neighborhood on foot: Back Bay, 
Beacon Hill, South End, Fenway, Charlestown, North End, etc. 

• Learn the MBTA until you can navigate it without thinking. 

…

Year 3 — “New England”
Goal: realize Boston is the center of a much larger region

How do we evaluate 
how good this is 
compared to anything 
else it could have said?



Chat Benchmarks
Chatbot ArenaArena involves having 

someone on the 
Internet type a prompt.

They get a response 
from two different 
LMs, and pick which 
one they prefer.

We can use these 
preferences to rank 
models using 
Bradley-Terry ratings 
(similar to Elo scores 
used for chess players).



Evaluation Validity

• What makes a good evaluation? 

• Ecological validity: how well does the benchmark capture real-world use cases? 

• Exams are far from real-world use 

• Arena is made of real prompts, but distribution is not controlled 

• Train-test generalization: can models perform well on unseen data? 

• Back in the day, we knew exactly what was in our data 

• These days, we train on the whole internet; companies don’t say what their 
models were trained on exactly 

• Dataset quality: Are there enough test cases? Are they well constructed?



How to Devise Your Own Evaluation

• First, why are you performing an evaluation? 

• There is no one true/best evaluation: it’s all about your use case 

• Researchers often want to measure the raw capabilities of a model 

• Companies want to make purchase decisions about which models to base their systems on 

• We want to understand the risks and benefits of a given system 

• Developers want feedback to improve the model 

• Think about what you’re evaluating 

• Are you evaluating a method? An agentic system? 

• Can you devise single correct answers? Or will you need qualitative judgments (e.g., from a human or LLM?)



How to Devise Your Own Evaluation

• Dataset collection and filtering 

• Internet text? Human-written text? 

• Annotation 

• Language modeling data: little to no annotation 

• Classification/Exam: must label every example 

• Relative ranking: need human preferences 

• Scoring design 

• What metrics are most appropriate? 

• How will you score? String matching/regex? Have a human or LLM judge quality?


