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Motivation: The Mismatch in Pre-Training

" Pre-training (99.9% of compute): next-token prediction on unstructured web
text for unsupervised language representation learning and knowledge.

" Instruction-tuning (<0.1% of compute): Teaches the downstream use case

format with supervision.

" Most compute is wasted on language fitting and predict the next word (a proxy
task), which is not the downstream use case.

Finelnstructions: We synthetically transform pre-training documents into the
downstream use case format: diverse instruction-answer pairs that are in-

domain with real user queries.

We then pre-train models entirely on the instruction-tuning objective alone. No
next-token prediction objective. Pre-training ablation experiments controlled for
same source pre-training corpora and same # of tokens.
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99.9% next-token
< 0.1 % instruction-tuning
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synthetic instruction-tuning

Compared Baselines and Other Synthetic Pre-Training Methods

" Standard Pre-Training: next-token prediction on the raw documents

" Microsoft's IPT: train on synthetic reading comprehension Q&A over the document (Cheng et al., 2024)

" Apple's WRAP: synthetically rephrase the document (Maini et al., 2024)

" NVIDIA's Nemotron-CC: mix of synthetic rephrase, synthetic Q&A, knowledge extraction (Su et al., 2024)
" NVIDIA's Nemotron Q&A: Nemotron's synthetic Q&A-only split (closest format to Fl) (Su et al., 2024)

Sample of Finelnstructions

of health issue

Sample of instruction topics related to medicine
(~110M instructions / 1.08B total instructions)

for calculation

af _l-"“_'_l:

conce® o
fof e
ﬁ:ll""a-'-"r-
=
" = o S
& S = E 287 By, Ay e
o & 2 %, RN N
m o w Cp,
& a 4 %, g 4
R
& £ 5 I:r_;‘ t'?{ ﬁﬁ - -f?_"'?ﬁ ’;}{ﬁﬁ p
ﬁu 'ml' * g'h Ly % - I, % L
Lo E_..- (¥ w W % ‘% %{1} =
- o c c o
£ = = & o e
= = 2
g £2% %
T 0 [
o T om &

Sample of instruction topics related to math
(~6M instructions / 1.08B total instructions)

Finelnstructions Synthetic Pre-Training Pipeline

~18M User-Written Queries
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“Between Lionel Messi and Cristiano Ronaldo,
which is more influential?”
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“Between <fi>Entity A</fi> and
which is more <fi>characteristic</fi>?"
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~300B Tokens of Pre-Training Documents
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Pre-Training Document:

GadgetBlog.com
September 30, 2023
Smart Watch Reviews
.We tried both the
Apple and the Garmin.
The Apple Watch Ultra |
features a new rugged
design, but for
extreme activities,
the Garmin Fenix 1is
better suited to
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Synthetic Instruction

“Between the Apple Watch Ultra and
which is more
rugged?”

| =) Synthetic Answer
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“The Apple Watch Ultra features a new
rugged design, but for extreme

activities, the Garmin Fenix is better
suited to handle..”

Finelnstructions
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synthetic instruction-answer pairs

~18M

instruction templates
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Specialized, Efficient Models
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unique templates used

tokens of instruction-tuning data

~3

instruction-answer pairs per document
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Results
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Takeaways

" Weak supervision: bootstrap a large, diverse set of pseudo-supervised instruction-answer examples from

unlabeled pre-training corpora and in-domain user queries.

" A path to scale on two independent unlabeled data sources: scale synthetic supervision with unlabeled pre-
training documents and unlabeled natural user queries.

" Token-for-token, Finelnstructions beats standard next-token prediction PT and prior synthetic PT on MixEval,

MT-Bench-101, and AlpacakEval.

" Compute win for small and efficient models: 300M Fl = 7B Nemotron-CC on MixEval.
" Resources: 1B+ pairs, code, 1.8B param models (huggingface.co/fineinstructions)



