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Linguistic Foundations of Large Language Models
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Jurafsky & Martin, Speech and Language Processing (3rd edition)


https://web.stanford.edu/~jurafsky/slp3/
https://web.stanford.edu/~jurafsky/slp3/
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Who gets to decide what counts as a linguistic unit?
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Analogue
discipline

What you can
see

When it fails

Typical risk

Pipeline NLP
classical anatomy

named components and
interfaces

often traceable to one stage

cascading error

End-to-end LLM
fMRI

distributed activity without fixed
linguistic labels

harder to assign to one representation or
mechanism

limited causal explanation

- Interpretability is the new neuroanatomy (preview of Module 6)
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S — . & (1950s-60s)

e The first wave of MT optimism — Weaver's memorandum (1949)
e Formal grammar gave symbolic NLP explicit categories, rules, and structures

e Information theory and distributional analysis supplied a second lineage:
prediction from observable patterns

e Many systems shared the belief that language could be decomposed into
computable representations

e The ALPAC report (1966) - the first winter
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. Functional / cognitive / usage-based
Formal / generative approaches
approaches

patterns shaped by use and communicative
abstract structural system

function
discrete categories and constraints gradient and prototype-based categories
competence distinguished from frequency and experience are theoretically
performance central

. , rammar emerges through learned
grammar licenses possible structures £ £ £

constructions

Distributional traditions add another key claim: similar contexts support similar
representations.



EE= . 5 (1990s HstEm)

e Penn Treebank (1993), IBM alignment models, the Brown corpus

e The circulating version of Jelinek's line: fire a linguist, watch the accuracy
climb

e In benchmark-driven NLP, one prominent role for linguists shifted from
theory design to annotation and evaluation

e Many linguistic structures remained: tags, trees, alignments, senses, and

semantic roles

Statistical NLP often changed the inference mechanism before it changed the
representational ontology.



BE= . fxrv9 (20135)

e word2vec - seq2seq - Transformer - LLM
e Pretraining can learn useful representations without task-specific gold labels
e Linguists increasingly act as theory builders, evaluators, critics, and

interpreters of learned systems

Question: is this separation, or a new division of explanatory labor?



~ RN T
8 931 FFRR NRBHESHN
Every engineering decision is an undeclared linguistic commitment.

Each layer of the pipeline carries assumptions — nobody just writes them down
as assumptions in the paper.

- Part 2 takes them apart layer by layer
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Every layer encodes a linguistic assumption

o [AIFFA]IZE IR spaCy MIZEE | https://spacy.io/usage/spacy-101
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https://spacy.io/usage/spacy-101

ZOEBR (1) BB

Pipeline

stage

tokenization

POS tagging

parsing

Built-in assumption

stable subunits can
support later analysis

a finite label set
captures contextual
category

hierarchical relations
merit explicit
structures

Theoretical source

orthographic and
lexical traditions

distributional and
grammatical analysis

multiple formal
grammar traditions

After end-to-end

units optimize vocabulary,
frequency, and sequence
length

category information may
be distributed and gradient

syntactic information may
be latent, without a
declared tree
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Pipeline . . .
; Built-in assumption  Theoretical source After end-to-end
stage
) roles and .
semantics / . ] formal and frame meaning is learned across
composition merit , ,
SRL .. semantics contextual representations
explicit labels
discourse entities , o
_ .. , context supports implicit
coreference  require explicit DRT, Centering , i
, tracking, often unreliably
tracking
context changes Gricean and pragmatic behavior emerges
pragmatics inferred speaker interactional without a separate declared
meaning traditions module
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[93&E modularity & Ra—X

1. Linguistic modularity — distinct domains of analysis
2. Engineering modularity — separate components and interfaces
3. Annotation modularity — each label set gets its own metric

4. Cognitive modularity — specialized and partly encapsulated processes
Evidence for one does not establish the others.

Pipelines reflect a mixture of linguistic inheritance, available annotations,
software design, and research institutions. Their shape alone cannot establish
how the mind organizes language.
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INeE . BaRT—1E 1251E (institutional arrangement)

NLP pipeline A HIEHARGEE S Bilam B A IS 204 > 1AZ BE0REE ~ PRI Ed i
SCHERMI R B o

e Shared tasks stabilize particular linguistic units
iﬁﬁl{ﬁﬁj‘é\fﬁf‘ﬁiﬁﬁ?ﬁzﬁﬂ L7 pilan TER) Ty TERS) B TARIRIERR D - —H
&t~ THEPHMTRESENV AEsZ AL | RENTFEEMEERHE -

e Publication practices reinforce separate processing layers

POS tagging * parsing  semantic role labeling F{L7%4% H n] DUE RE R4 ~ 1
A R S o (AL v 35S 0B BYAS R RSl A 2 7 2B ] A T A AH o

e Annotation costs constrain the granularity of categories
SERIATAN > BESE ARG  — SRS o B AR R 2 Bt RS
B~ AN B R SREVERY 2210

/
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Chinese NLP is the clearest case of all three

Chinese NLP makes these interactions especially visible because word

boundaries vary across legitimate standards.
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e Ma Jianzhong, Mashi Wentong (1898) — helped establish word as a formal
analytic category through engagement with European grammar

e Y. R. Chao (1968) — "word" is not a native category in Chinese; he separates
o the sociological word

o the grammatical word
e Xu Tongqiang, the zi-based (““AMif) position — the basic unit should be the

character

The irony: character-based neural models ended up on the zi-based side by
accident.
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SR ERNARE— - TEMEER
SIGHAN Bakeoff put four standards side by side: CKIP / PKU / MSRA / CTB

e One system, tested across standards - performance falls off a cliff

e Each standard's definition of "word" is internally consistent, and they are
mutually incompatible

A gold standard is an annotation convention, not a natural kind.

e the same sentence can be segmented differently under different standards
under CKIP and under jieba.
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Task Assumption it carries

, recoverable empty arguments exist at the discourse level
zero-anaphora resolution ' ,
(CTB's empty categories)

classifier prediction noun semantics supports a classifiable ontology

. with no morphology, category assignment rests on
N/V flexibility: WF5%, 35/&, # & T RO MOTPAOIOsY, CAEgOry assis
distribution alone

variant characters / encoding Unicode CJK unification = a linguistic judgment made
normalization administratively

The third row is the direct ancestor of W3's distributional semantics.

21



Zero-anaphora resolution (ZHBEER)

o (1% T FHRMEMSHEREEERE (W T(th) E17E > () EEH...)) °

o {ia% : PR Penn Chinese Treebank (CTB) HYAE ilEETEEAE - THER A1) 7Kg F1E
— @40 [F] LB LSRR T22%iE (Empty Category, PRO) |’ H A& 8 R
MR o BHF SR TEG) BEEE%RD (topic-prominent) HYREHLK » 58

HlE-YNNREN

AR RSP T 7 TR A -
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N/V flexibility (ZEh3R4E | T|751%)
o (1% HEr TiH9T ~ 3R ~ A5 R FhRE S E ET)E o
o {ia% @ WA Z ENEGGE 2% RAYETE(E (morphological inflections * #15&GEH
-ize ~ -ation ~ -ed) o KL > B E Sy AGARE 0 ME—RYHEERLZ B N S
(distribution) ©
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SIEL | ERFAERENS ?

e Lietal. (2019) — tests whether explicit segmentation improves deep models
across Chinese NLP tasks

e Subword and byte-level tokenizers can yield units that are neither
characters nor words

Where the authority went

linguistic analysis - annotation standards - learned tokenization objectives

Who decides what a linguistic unit 1is?

In current systems, an optimization objective and a training corpus play a major
role.

24



Part 4
B . [—5):E > NFEE (L

25



Colab IRIR £ (R B4R Y

26



Demo 1 — Four segmentations

# pip install jieba tiktoken
import jieba, tiktoken

s = "HRRIFEkE/)V B R RIEETEYIR"

enc = tiktoken.get_encoding('"c1100k_base")

char = list(s)

word = list(jieba.cut(s))

ids = enc.encode(s)

bpe = [enc.decode_single_token_bytes(t) for t in ids]

byte = list(s.encode("utf-8"))

for name, seq in [("char", char), ("word", word)]:
print(f'"{name:>4} ({len(seq):2d}) " + " | ".join(seq))

print(f" BPE ({len(bpe):2d}) " + " | ".join(map(repr, bpe)))

print(f"byte ({len(byte)})")
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Demo 2 — Quantifying "objectivity"

def boundaries(tokens, encode=lambda x: x.encode("utf-8")):

"""Internal boundary set expressed as UTF-8 byte offsets.

out, i = set(), 0
for t in tokens:
i += len(encode(t))
out.add(1i)
out.discard(1i)
return out

def boundary_f1(a, b):

# final boundary is shared by definition

A, B = boundaries(a), boundaries(b)

tp = len(A & B)
if tp == 0:
return 0.0

p, r =tp / len(A), tp / len(B)
return 2 x pxr / (p + r)

def bpe_boundaries(token_bytes):

out, i = set(), ©

for piece in token_bytes:

i += len(piece)

out.add(1i)
out.discard(1i)
return out
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BREEIHE

e Two accepted standards can disagree substantially, especially across
registers and domains

e An LLM tokenizer optimizes a different objective, so boundary F1 may be low
by design

e Downstream success therefore does not establish that token boundaries are
psychologically real

A test of whether a linguistically motivated boundary helps a particular task

The uncomfortable inference problem:
can task performance serve as evidence of psychological reality?
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Lab

* Google Colab Notebook
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file:///Users/shukai/Dropbox/%E5%AD%B8%E8%A1%93/%E6%95%99%E5%AD%B8/NTU.courses.class/courses/cllt2026/lab/week2-ckip.ipynb
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e Interpretable intermediate representations
e Module boundaries

e Discrete categories

e Error attributability

End-to-end training reduces some interface errors, but it also makes causal
diagnosis harder.
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End-to-end learning weakened the engineering need for explicitly specified
grammatical representations.

Several properties of neural language models resonate with long-standing
functional, cognitive, and usage-based ideas:

e learning responds strongly to frequency and distribution

e categories can appear gradient and context-sensitive

e recurring form-meaning patterns resemble constructional learning

e structure can emerge from accumulated usage

Note: These affinities do not make an LLM a cognitive model or prove a linguistic
theory.

The question: which tradition offers testable explanations of what the model
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Tenney et al. (2019) ( BERT Rediscovers the Classical NLP Pipeline )— probing
results suggest that BERT's layers roughly resemble a classical processing order:

POS - parsing - NER - SRL - coref

The declared pipeline disappeared, yet traces of its distinctions may remain
in learned representations.
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{82 probe FETEAIE ?
Hewitt & Liang (2019) — control tasks

e If a probe also learns random labels well, high accuracy says nothing about
structure in the representation

e What matters is selectivity, not accuracy

Open question: can Tenney's finding and this critique both be true?
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Control Task £ Selectivity

e Hewitt & Liang (2019) HY'E%¢ (5] A Control Task)
e Tenney M#IH vs. Hewitt IUILH] & d{af [RIIRE AR AL 2
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1. Every layer of the pipeline is an undeclared linguistic commitment

2. Chinese shows it plainly: linguistic units can vary across theories, standards,
and learning objectives

3. LLMs reopen debate among linguistic traditions; performance alone does not
adjudicate among them
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1. If character-based models reliably beat word-based ones, does that count as
evidence

against the psychological reality of the word? Identify exactly which step of
the

argument is task-relative.

2. Can Tenney's layer-order finding and Hewitt & Liang's control-task critique
both hold?

3. LLM behavior often resembles usage-based predictions, but resemblance is
not confirmation.
What evidence would connect model behavior to a linguistic theory?

39



2ZRE

Further reading: the Piantadosi (2023) / Katzir (2023) exchange; the recent Futrell

Manning (2015), Computational Linguistics and Deep Learning
Church (2011), A Pendulum Swung Too Far
Tenney, Das & Pavlick (2019), BERT Rediscovers the Classical NLP Pipeline

Li et al. (2019), Is Word Segmentation Necessary for Deep Learning of Chinese
Representations?

Y. R. Chao (1968), A Grammar of Spoken Chinese — selections on the word
Bybee (2010), Language, Usage and Cognition — frequency and emergence

Goldberg (2006), Constructions at Work — construction learning and
generalization

& Mahowald survey
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TR
W3 — Tokenization and Embeddings

This week's question carries straight over:

If the unit is partly decided by an optimization objective,
what decides meaning?
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