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Llama3 Herd

Herd of models including 405B LM, 70B, 8B, 1B

versions and also Llama Guard 3 for input/
output safety

Reference: https://arxiv.org/pdf/2407.21783
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Tokenizatior

def print_tokens_with_ids(txt):
tokens = tokenizer.tokenize(txt, add_special_tokens=False)
token_ids = tokenizer.encode(txt, add_special_tokens=False)
print(list(zip(tokens, token_ids)))

prompt = """<|begin_of_text|><|start_header_id|>system<|end_header_id|>

Based on the information provided, rewrite the sentence by changing its tense fro

She played the piano beautifully for hours and then stopped as it was midnight.<|

print_tokens_with_ids(prompt)

# Token and Token ID
> [('<|begin_of_text|>', 128000), ('<|start_header_id|>', 128006), ('system', 912

[128000, 128000, 128006, 9125, 128007, 271, 389, 279,
2038, 3984, 11, 18622, 279, 555, 10223, 1202,
43787, 505, 3347, 311, 3938, 128009, 128006, 882,
128007, 271, 8100, 6476, 279, 32719, 369, 4207,
323, 1243, 10717, 439, 433, 33433, 13, 128009,
128006, 78191, 128007, 271]
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AUTOREGRESSIVE DECODING

Assume that Llama4 is trained on 40T tokens of data. It has a context
window of 256k tokens and has a tokenizer vocab size of 108k tokens
and each token has a token embedding size of 4096.

What is the number of classes present in the classifier of the LM head to

generate the next token in auto-regressive decoding?
) 256k
b) 40T
c) 108k
d) 128k
e) 4096
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AUTOREGRESSIVE DECODING

Assume that input sentence has 100 words and tokenized into 150
tokens. The 150 tokens are now assigned a token embedding and
passed through 64 decoder blocks of Llama model. At the very end, a
new token is also generated. How many tokens exist right after the 64
decoder blocks and how many new tokens are generated?
a) 150,64
b) 64,1
c) 1,
d) 150,1
e) 150,150
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AUTOREGRESSIVE DECODING

Assume that each word in a sentence corresponds to a token (for
simplicity). Consider the sentence: “The sun rises”. Passing this into
llama produces the output token as “in”. How many tokens will be
passed in to the next step of autoregressive decoding and what will the

expected output?
a) 3,'east”
b) 4, "east”
c) 3,"the
d) 4, “the”
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AUTOREGRESSIVE DECODING

What is the role of KV-cache in the Llama architecture?
To compute attention using query, keys and values
To cache all the model parameters in memory
To speed up computation in the auto-regressive decoding process
To cache intermediate query, token embeddings to be used in the next
decoding phase
All of the above
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AUTOREGRESSIVE DECODING

What is the composition of LM head?
Linear transformation + softmax activation
Non-linear transformation + relu activation

Non-linear transformation + softmax activation

Linear transformation + relu activation




Llama3 Key Features

Context Window: 128k tokens
Vocab size: 128k tokens
Training data: 15T tokens

Decoder blocks: 32
Positional Embedding: RoPE
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Why is increasing the input context window been a challenge for LLM
models. Only recently have LLM models increased it from 4000 tokens
to 100k tokens

a) Compute increases linearly with context window size
b) Compute increases quadratically with context window size
C) Compute increases exponentially with context window size




Llama2 vs Llam

7 times larger pre-train data set. 15 Trillion
Tokens of data ~ 150 million books
High-quality filters to filter out bad data in
training - Use Llama?2
Better “data mix” - Trivia, STEM, coding,
historical knowledge

Larger model means better performance (8B vs
70B)
But more data = better performance (also

avoids over-fitting). Log-linear improvement
from 200B to 15T tokens




Llama3 vs DeepSeek

Llama3 DeepSeek V3
Parameters 405h 405b V\{Ith 37b active at
inference
Traditional Transformer with MOE

Architecture

Transformers (Decoder) and MLA
Context Length 128k tokens 128k tokens
Post Training Instruct FT Instruct FT
RL DPO DPO




Llama3 Benchmar!l

Llama 3 8B
Gemma29B
Llama3 70B
Mixtral 8x22B
GPT 3.5 Turbo
Llama3 405B
Nemotron4 340B
Claude 3.5 Sonnet

Mistral 7B
GPT-4 0125

Category Benchmark
MMLU (5-shot) 69.4 72.3 6l1.1 | 83.6 769 70.7
MMLU (o-shot, cot) 73.0 723~ 60.5 | 86.0 79.9 69.8
MMULU-Pro (s-shot, coT) 48.3 — 36.9 | 66.4 56.3 49.2
IFEval 80.4 73.6 57.6 | 8725 T72.7 69.9

General

HumanEval (0-shot) 72.6 H4.3 40.2 | 80.5 75.6 068.0

Code MBPP EvalPlus (o-shot) 728 717 495 | 86.0 786 82.0

GSMSK (8-shot, CoT) 84.5 767 53.2 95.1 882 816
MATH (0-shot, CoT) 51.9 44.3 13.0 68.0 54.1 43.1

Reasoning ARC Challenge (o-shot) 834 87.6 T74.2
GPQA (0-shot, coT) 32.8 — 28.8 | 46.7 33.3 30.8

Tool use BFCL 76.1 —~ 60.4
Nexus 38.5 30.0 24.7 | 56.7 48.5 37.2
ZeroSCROLLS/QuALITY . 95.2 90.5

Long context InfiniteBench/En. MC 72.1 82.5
NIH/Multi-needle — 100.0 100.0

Multilingual MGSM (0-shot, coT) 53.2 299 | 869 71.1 514 | 91.6 -~ 85.9 90.5 91.6

Math




Llama 3 Instruct Performai

Meta Llama 3 Instruct model performance

Meta Mistral Meta Gemini Claude 3

Llama 3 7B Instruct Llama 3 Pro1.5 Sonnet
8B Measurec Measured 70B Published Published

HumanEval HumanEval
O-shot . * * O-shot

st . 58.5

4-shot, CoT -
Minerva prompt

Reference: https://ai.meta.com/blog/meta-llama-3/
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Llama 3 Instruct Perform

Meta Llama 3 Instruct Human evaluation
(aggregated)

® Win Tie

ama s /0B Instruct
Vo '3:_'_: | aulge f_"_‘_":: onne i__ 52.9% 34.2%
ama b /0B Instruct

63.2% 9.7% PYALZ
ama 5 /0B Instruct 63.7% 13.9% 22.4%
vs Meta Llama 2

% win rate

Reference: https://ai.meta.com/blog/meta-llama-3/
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