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Main research questions

Q1: Can data augmentation with synthetic story data help pre-training?

Q2: Can LMs with small training datasets generate high quality stories?
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One day, a little boy named Tim One day, a little boy named Tim *CHI: Eve hand pocket.

went to the park. He saw a big tiger. went to the park. He saw a big tiger. *MOT: oh your hand's in your

The tiger The tiger pocket.

was not mean, but very easy to play was very nice. Tim wanted to play Rl

with. Tim and the tiger played all — { GPT-Neo } — with the tiger. He said, "Hi, tiger! :MOT: that's your puzzle.

day. They had lots of fun. Then, Let's play!" The tiger did not say *CHI' ey e S

something unexpected happened. | TRAIN DECODER GENERATE anything. Tim was sad. He wanted “MOTZ wantme tonnd the restof |z
"| The tiger started to shake. Tim ... “| to find a way to make the tiger ... il sl
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Use the TinyStories dataset (Dtiny) — a
collection of short and simple stories, train GPT-
Neo models for Data Augmentation. Train on
subsets of 50M (Strict) and 5M (Strict-Small).

Combine: TinyStories (Dtiny),
Generated Data (Dgen) and a
subset of the BabyLM dataset
(Dbaby) — train LTG-BERT model

For each story in Dtiny
truncate to 15%-30%, use

GPT-Neo model to generate
an alternate completion.

L 651
How much data is enough for good = o) 6.01
generations? D 554 = 551
Train GPT-Neo models on various Dtiny sizes [JEES N ]| T 50
. Evaluate BLiMP, BLiMP Supp., EWoK < 459 satmey | £ 45
: : : & 404 - 5
- Evaluate Self-BLEU (diversity), LLM-eval: & N i Ry . S 40l :
o c c 0 i . o - =@=_ Grammar
Grammar, Creativity, Consistency with plot s gl e \ _ ~o— Creativity
| 30 A \. 3.5 =@=_ Consistency
25M - 50M words are enough! 5M 10M 25M 50M 75M 100M 440M 373M 5M 10M 25M 50M 75M 100M 440M 373M
Training set size in millions of words Training set size in millions of words
Model | Training Data | Total | BLIMP | Supp. | EWoK | GLUE | Avg. Model | Training Data | Total | BLIMP | Supp. | Ewok | GLUE | Avg
LTG-BERT | baby-10M | 10M | 60.6 | 60.8 | 63.1 | 60.3 | 61.2 LTG-BERT | baby-100M | 100M | 69.2 | 66.5 | 65.7 | 68.4 | 67.5
BabyLlama | baby-10M | 10M | 698 | 59.5 | 50.7 | 63.3 | 60.8 BabyLlama | baby-100M | 100M | 73.1 | 60.6 | 52.1 | 69.0 | 63.7
baby-10M 10M | 628 | 63.7 | 662 | 710 | 65.9 baby-100M 100M | 64.0 | 67.6 | 628 | 74.0 | 67.1
tiny-10M 10M | 59.8 | 542 | 67.0 | 67.0 | 62.0 tiny-100M 100M | 612 | 63.2 | 63.1 | 70.6 | 64.5
+gen-greedy 20M 58.7 57.8 63.8 67.1 61.9 +gen-greedy 200M 61.1 59.6 63.8 69.1 63.4
o | baby-5M + tiny-5M | 10M | 626 | 60.7 | 66.6 | 71.2 | 65.3 _ tiny-50M + baby-50M | 100M | 65.5 | 65.6 | 62.5 | 710 | 66.2
LTE’,;]?,E)RT +gen-greedy 15M | 621 | 602 | 655 | 70.6 | 64.6 LTE,'IEE}RT +gen-greedy 150M | 66.6 | 63.3 | 65.0 | 718 | 66.7
~+gen-nucleus-1 15M 62.5 62.3 63.9 69.5 64.6 +gen-nucleus- 1 150M 65.6 65.0 64.6 T2.7 67.0
+gen-nucleus-1 = | 156M 63.2 59.3 65.5 71.1 64.8 +gen-nucleus-17 150M 65.2 63.5 64.3 72.6 66.4
~+gen-nucleus-5 33M 62.4 60.1 65.8 69.4 64.4 ~+gen-nucleus-5 350M 65.4 64.4 61.2 69.8 65.2
+gen-nucleus-10 56M 61.0 58.4 65.3 69.5 63.6 +gen-nucleus-10 600M 63.7 63.3 64.5 69.5 65.3
T = balanced training * = submitted model
« BabyLM 10M and 100M have best performance « Adding more synthetic data hurts performance
« Nucleus and Greedy sampling resulted in some gains: « Synthetic story data offered some modest gains
o Best BLIMP score (Strict-Small) « Overall, adding generated data hurts performance
o Best BLIMP and EWoK scores (Strict) « High generation quality underscores potential
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