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Introduction Results Test Dataset: NaWoCo
Apparently complex behaviors emerge in language models during pretraining, . We created the Natural Words in Context dataset:
despite the relatively simple task of next-word prediction. We ask: Pearson correlation (r) between language model log-probability, Singletok o q (f_P P?\' 0 GP'I: o) t raxts with
. : " - log-probability, and contextual semantic similarity e Single-token woras (Tor Farc, Fytnia, Upen In sentence contexts wi
1. To what extent do language model predictions reflect simple heuristics? n-gram ! 4 - -
+ preceding words sampled from FineWeb ( ).
2. Do training dynamics tend to follow the same path, and how consistent is it: N N N o . e All sentences were classified as non-toxic, began with a capitalized letter,
e Across scale? o — 72— /&{ ﬁi /ﬁ?; contained no other capitalized words, and did not occur in The Pile or Open-
o Across training dataset? SRR e / T oete WebText (to avoid contamination).
e Across architecture? 5 | — 2-gram Logprobs e Training set: 77,999 words; Validation set: 39,474; Test set: 40,980.
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Language Models Summary of Results
§1.00 Pythia 1B Pythia 1.4B Pythia 2.8B Pythia 6.9B Pythia 12B (SV?/T? gngSTva\I/zzg%ted)
Pythia ( ) 075 KE ﬁi ﬂ e — k (€€ Cnueighcd)
e Trained on The Pile: 143k steps of ~2M tokens siz fJ\ ﬂ\ R e Consistent pattern across all architectures: LM log-probability correlates
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Training Steps

e Consistent pattern in coefficients: initial rapid increase in unigram log-

- 10 seeds each: 14M, 31M, 70M, 160M, 410M parameters probability coefficient, which then decreases as 5-gram coefficient increases

-1 seed each: 1B, 1.4B, 2.7B, 6.9B, 12B Coefficients of linear regressions predicting language model (but not t )
Open GPT-2 ( ) log-probability with unigram log-probability, 5-gram log-probability, Ut NOLTO 2€r0).
P and contextual semantic similarity e Variable but consistently-present coefficient of contextual similarity.

* Trained on OpenWebText: 400k steps of ~0.5M tokens e Little difference between n-gram corpora, between contextual similarity

» Models: Open-GPT2 117W Open-GPT2 345W Perc-—pytia 150M Parc-Mamba 130M parc-RUIKY 1631 weighting method, or between the fit to the training and validation set.
- 4 seeds each: 117M, 345M ..

Parallel architecture (Parc) Language Models (ours)

et e R? rises with correlation to (and coefficient of) unigram log-probability up to
— (rianesy " 98%:; and remains above 50% for all model checkpoints.
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(X e Discussion and Future Work

Semantic Similarity
(Unmatched n—grams)

e Trained on OpenWebText: 4k steps of ~0.5M tokens
e Models:
- 6 seeds each: Pythia 160M, Mamba 130M RWKV 169M

Coefficient

Pythia 12B
Similarity Metric
— e Y e To what extent do these heuristics explain more ‘complex’ LM behaviors?
. . Sc(r:nWet StemI " .
Heuristics e e All language models tested follow the same trajectory, but must they?
N | oa-Probabils 107107 10107 0° 4607 10740707 10T 0 10 00 a0 07 01071 10007 10 a0 10T a0 a0 10 a0 0t 0 - Benchmark performance mostly increases after 5-grams are learned. To
-gram Log-Probability what extent is this a necessary step?
of pretraining ( ’ ) model log-probability with unigram log-probability, 5-gram may be related learning ‘global’ n-grams ( )
e We calculate n-gram probabilities on both text corpora using infini-gram ( log-probability, and contextual semantic similarity e Even models trained on much more data still show a susceptibility to over-
) word counts with the Stupid Backoff method ( ) predicting common sequences and words that are related to their context—
which is described in (1), with (2) describing the unigram case. ey 260w can this approach be used to predict this propensity in a given model?
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