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Language Modeling and
Hierarchical Sentence Structure

How do Language Models (LMs) process hierarchical syntactic structure?

Sentence structure is hierarchical and recursive LMs are trained on sequential tasks

@ Various approaches to modeling tree-based structure ® Self-supervised learning
@ Difterences in annotation ® Autoregressive LMs, p(w, | w_) predict next

o Format (constituency and dependency trees) o Masked LMs, p(w |w . w word in IMASK] middle
o Content (tree properties, linguistic assumptions) £t At

What do sequential LMs learn about syntax?

@ Arps et al. (2022, 2024): Understanding how LMs represent and process nonsensical sentences

® Nonce data: separate syntactic and semantic information

@ LM architectures behave differently: Autoregressive LM perplexity increases more than masked LM scores
® LM representations encode dependency trees for nonce data, shown via probing
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I 11  post highlights from the opinion and dissents when I 'm  finished . .

| 11 ban statues  from the  shape and wheels  when | 'm  Saudi : MBERT (maSked) mGPT (a utoreg reSS|Ve)
I 11 receive prizes from the computer and  insurances when I ‘m interested ;

I 11 use discounts  from the trap and situations  when 'm  Mexican ; i ili

I I receive winds from the computer and towels when I ‘m ready : P ro b N g resu ItS fo r tWO mu Itl l In g ua I mo d e I S.

I 11 book appointments from the  video and subsidiaries when I 'm  welcome :

A indicates performance drop on nonce data

Building LMs that use hierarchical structure Future Research Goals

@ Adapt neural architecture to latently model trees ® Which forms of syntactic inductive bias...

©® Keep self-supervised learning objectives: Build joint LM and o work best on different languages?
unsupervised parser o have the best scaling behavior?
® Evaluate on parsing, linguistic and NLP tasks ® Do different architectures induce similar trees when trained on

?
@ Bonus: Hierarchy is usually abstract, we make it explicit! the same data

® Momen et al. (2023) train StructFormer (Shen et al., 2021)

@ Induced dependency trees P(x)

\

@ How do the induced structures relate to existing treebanks?

® How useful are the emerging structures for NLP applications?
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