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A Tale of NLP Science
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Everybody knows whom to credit
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But then
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This was easy to do!

● The actual vectors work better

● Out-of-the-box usage is exactly the same
○ Just throw away the w2v file and open up the 

GloVe one!

● No need to know the ins and outs of the 
algorithm

○ I still teach static embeddings with the word2vec 
algorithm
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What finally replaced word2vec?

● ELMo, and then BERT

● They introduced a new paradigm of contextual representation

● With performance that was impossible to ignore
○ (And indeed, some predecessors were not ignored but are definitely much less well-known)
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Beat them Join them

Fix them



But First, What is it that They Want?

● They want to start with embeddings
○ “Don’t make me think about text”

● They want A TABLE and SOME CODE that turns TEXT into EMBEDDINGS
○ “Don’t make me change the workflow”
○ .tokenize()

● They want to sample from a softmax or whatever on the way out
○ “text about think me make n’t Do”
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For some reason,
They also want this?
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ok but who cares 
(write a script)

not only (and not unfixable)

ok but who cares
(insane edge case)

vanilla BPE, actually

pre-tokenization, actually



Riddle me this
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Act I: Beat Them
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MIMICK, or How I Once Thought We Beat OOVs

c yti 13input

objective

the
a
train
station
left
city
  …    ...

embeddings

Pinter, Guthrie, Eisenstein.
Mimicking Word Embeddings using 

Subword RNNs. EMNLP 2017



Character
embeddings

MIMICK

Loss (L2)

Mimicked Embedding

Backward 
RNN

Forward 
RNN

Feedforward Layers
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Character
embeddings

MIMICK

c yty

Mimicked Embedding

Backward 
RNN

Forward 
RNN

Feedforward Layers
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Downstream model

embeddings

the
a
train
station
left
city
  …    ...

Pinter, Guthrie, Eisenstein.
Mimicking Word Embeddings using 

Subword RNNs. EMNLP 2017



Follow-ups

● Different mimicking architectures

● Combining Mimick with large-corpus contexts

● Combining Mimick with downstream contexts
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[Zhao et al. 2018] 

[Schick & Schütze 2018-19] 

[Garneau et al. 2018-19] 
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Pinter, Stent, Dredze, Eisenstein. 2021.
Learning to Look Inside: Augmenting Token-Based Encoders with Character-Level Information. In limbo.

Follow-ups



And Similarly
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And Also

● CANINE, ByT5, MambaByte

● PIXEL

● Byte Latent Transformers

● Dynamic Hourglass

● H-Net

● “We already beat them”
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Clark et al. 2022
Xue et al. 2022

Wang et al. 2024
Rust et al. 2022

Pagnoni et al. 2024
Nawrot et al. 2024
Hwang et al. 2025

^ like literally last week
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… will llama 5 finally abolish tokens?



Act II: Join Them
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The Pipeline
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Learn contextual 
embedding model 
from a large corpus

Fine-tune model 
parameters on 

downstream task

Learn subword 
vocabulary

Learn better subword 
vocabulary dogmatism 

dogma tism

←   How can we get this?

Statistically-optimized 
subword segmentation

(e.g., BPE)

dogmatism 

dogma tism

dogmatism 

dog mat ism



The Objective
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The Objective
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The Objective

27

bark

leash

food

bone

bite
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The idea: prefer subwords that 
have fewer contexts



SaGe - a Context-Infused Subword Vocabulary

● SaGe builds on any existing subword vocabulary creation method, adding a 
SkipGram*-inspired objective:                                                *Mikolov et al. 2013

● For our corpus C and vocabulary V, we learn token embeddings for all t in V, 
and maximize the overall log-probability of contexts given the tokens

28

● Downstream code (pre-training & fine-tuning) stays exactly the same

Yehezkel and Pinter. Incorporating Context into Subword Vocabularies. EACL 2023.

JOIN 
THEM



SaGe - the Algorithm
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Initialize V to all possible tokens

While V is too big:

Tokenize corpus using V

Compute embedding table

Compute ablation loss for all tokens

Throw away least lossy token

Return V

Ablation loss: “if we got rid of this 
token, how would the skipgram 
objective be affected?”

https://github.com/MeLeLBGU/SaGe

https://github.com/MeLeLBGU/SaGe


SaGe - the Algorithm
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Initialize V to all possible tokens

While V is too big:

Tokenize corpus using V

Compute embedding table

Compute ablation loss for all tokens

Throw away least lossy token

Return V

Problem: this takes too much time!

Fix #1: start with an approximately 
good (but still large) vocabulary

Initialize V to large BPE-trained vocabulary



Initialize V to large BPE-trained vocabularySaGe - the Algorithm
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While V is too big:

Tokenize corpus using V

Compute embedding table

Compute ablation loss for tokens in 
current set of bottom tokens

Throw away least lossy token

Return V

Problem: this takes too much time!

Fix #2: only compute loss for 
candidate set of “bottom” tokens, 
refreshed every m iterations

Every m steps: refresh bottom set

Throw away k least lossy tokens

Fix #3: remove k tokens at once, 
every iteration



Initialize V to large BPE-trained vocabularySaGe - the Algorithm
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While V is too big:

Tokenize corpus using V

Every l x m steps: compute 
embedding table

Compute ablation loss for tokens in 
current set of bottom tokens

Return V

Problem: this takes too much time!

Fix #4: recompute embedding table 
only every l calculations of bottom set

Every m steps: refresh bottom set

Throw away k least lossy tokens



Did Ambiguous Tokens Go Away?

● With SaGe, it is ablated due to its 
ambiguity, replaced by two 
possible behaviors:

○ Larger tokens containing it are 
retained, being more contextually 
salient; or

○ No larger tokens are frequent 
enough, breaking the token down to 
characters (inherently ambiguous)
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● In English BPE, the token og 
emerges in various contexts



Vocabulary Analysis
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● SaGe tokens have fewer contexts 
○ (Not conditioned on frequency)

N
um

be
r o

f d
is

tin
ct

 n
ei

gh
bo

rs
 in

 c
or

pu
s Inherently ambiguous head

Contextually-crisp body and tail



Vocabulary Analysis
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● SaGe tokens have fewer contexts
○ (Not conditioned on frequency)

● SaGe produces longer tokens

We attribute this to SaGe’s ability to 
remove tokens that are intermediate 

in BPE’s vocabulary formation:

BPE t h e → th e → the
SaGe t h e → th e → the



Vocabulary Analysis

36

● SaGe tokens have fewer contexts
○ (Not conditioned on frequency)

● SaGe produces longer tokens

● SaGe retains more full words, but breaks 
down others into many more tokens

Due to the inherently ambiguous 
single-character tokens



Vocabulary Analysis

37

● SaGe tokens have fewer contexts
○ (Not conditioned on frequency)

● SaGe produces longer tokens

● SaGe retains more full words, but breaks 
down others into many more tokens

● Statistics are robust when testing on 
different domains

Wiki

Legal



Downstream Evaluation

● We pretrained BERT models using BPE and SaGe in English and Turkish
● Implementation: “24-hour academic BERT” (Izsak et al., 2021)
● Data: Wikipedia
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+ =



Downstream Performance

● Evaluation on English GLUE and NER (CoNLL 2003), Turkish XNLI and NER

39

NER

GLUE



Conclusion

● Context is important as far back as pre-pre-training tokenization schemes

● SaGe is a context-aware tokenizer incorporating the SkipGram objective
○ Achieves better results on downstream tasks on 2 typologically-distant languages
○ Both sequence and token levels

● SaGe is plug-and-play. No need to change code in LLMs, only the subword 
vocabulary file

● We believe further work can improve results even further
○ Extend to other languages and tasks
○ Optimize the algorithm and remove some of the “fixes”
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Subsequent work
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Initialize V to large BPE-trained vocabulary

While V is too big:

Tokenize corpus using V

Every l x m steps: compute 
embedding table

Compute ablation loss for tokens in 
current set of bottom tokens

Return V

Every m steps: refresh bottom set

Throw away k least lossy tokens

SaGe 2.0 (released):
faster;
no need for bottom set (all vocab 
ablations computed at once)

https://github.com/MeLeLBGU/SaGe

https://github.com/MeLeLBGU/SaGe


Interlude: Convince Them that It’s Better

● Downstream performance
○ Which task? Even this isn’t clear, many are just evaluating bit-per-token or perplexity, etc.

● The Correlation Challenge
○ When does higher intrinsic score indicate better downstream performance?

● Without good intrinsic measures, it’s only beat them that can make a dent
○ And even that won’t guarantee adoption

42



Convince Them that It’s Better

43

Learn subword 
vocabulary Pre-train Fine-tune / align

Learn different 
subword vocabulary Evaluate



Convince Them that It’s Better
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Learn subword 
vocabulary Pre-train Fine-tune / align

Learn different 
subword vocabulary Evaluate



Cognitive Evaluation of Tokenizers

Easy for humans Easy for tokenizers

Fast processing Fewer subwords

not directly measurable

measurable

45

Response time

Lisa Beinborn and Yuval Pinter. Analyzing Cognitive Plausibility of Subword Tokenization. EMNLP 2023





Results

Words Non-Words

47

WordPiece performs best, UnigramLM disappoints
(contra Bostrom & Durrett 2020, whose eval is statistics + downstream)

https://aclanthology.org/2020.findings-emnlp.414/


Intrinsic Eval Benchmark

● (English only)

● Combining:
○ Several morphological resources
○ Cognitive data
○ Efficiency metrics

● Link

48

Uzan, Schmidt, Tanner, Pinter. Greed is All You Need: An Evaluation of Tokenizer Inference Methods.
ACL 2024 (Outstanding Paper)

https://github.com/MeLeLBGU/tokenizers_intrinsic_benchmark


Bridge: Tokenization is also a Pipeline
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This ultramodern life This
_ultramodern
_life

_u
a
_ul
tr
am
od
ern
_ultra
modern

_ultra modern

_ul tr am od ern

_ul tr a modern



Act III: Fix Them
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Fix Them

● BPE-Dropout: occasionally forget to merge

51

inference



Fix Them

● PathPiece: keep the vocabulary but make inference maximally compressive

52

Schmidt, Reddy, Zhang, Alameddine, Uzan, Pinter, Tanner. Tokenization Is More Than Compression.
EMNLP 2024

inference



● FLOTA: keep the vocabulary but find the  l o n g e s t  token in inference

53

Fix Them inference



Fix Them

● Trimmed-BPE: get rid of rare intermediate tokens post-vocab-building
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Cognetta, Hiraoka, Okazaki, Sennrich, Pinter. An Analysis of BPE Vocabulary Trimming in 
Neural Machine Translation. 2024

vocab



Fix Them

● BPE-knockout: trim post-vocab-building, with the help of morphology
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vocab



Fix Them

● Picky-BPE: get rid of tokens during vocab-building, when it “makes sense”
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vocab



Fix Them

● Change the regular expression

57

pretokenization



Fix Them

● Pretokens don’t control us anymore
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pretokenization



Fix Them

● Pretokens don’t control us anymore
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pretokenization



Fix Them
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pre-pretokenization



Fix Them

61

pre-pretokenization



Fix Them: Semitic Drift

● Existing segmentation methods assume concatenative text

● Hebrew, Arabic, Malay, Georgian (and others) don’t follow this rule

62

Tokenizer לל מודל ל מ ו ד

pre-pretokenization



Fix Them: Semitic Drift

● Existing segmentation methods assume concatenative text

● Hebrew, Arabic, Malay, Georgian (and others) don’t follow this rule

● We propose Splinter, a learned pre-processing step that re-linearizes the text 
into concatenative morphemes

63

Bar Gazit, S Shmidman, A Shmidman, Pinter. Splintering Nonconcatenative Languages for Better Tokenization. 
Findings of ACL 2025.

Tokenizer Splinterל ל מ ו ד
ל מ ד +ל1 +ו4

pre-pretokenization



Splinter - Evaluation
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● We can’t even evaluate with morphological 
data (which assumes concatenative 
morphology)

● And so:



Splinter - Evaluation

● But we can evaluate downstream:

65

(This is a 20% difference)



Where Do We Go From Here

● I think we can put our eggs in more than one basket

● I think “model conservatism” has its advantages ← we need more “join them”

● I think we need to look everywhere for more evaluation opportunities

● I think we can talk about this!
○ TokShop
○ Token ##ization Discord server
○ Applied Sciences Special Issue on

Atomic Respresentations

66



I Can Talk About Tokenization Forever

● Toolkits

● Is tokenization still “underexplored”?

● Dealing with auxiliary problems builds a healthy ecosystem that fosters 
long-lived lines of research

○ Formal properties of tokenizers
○ Scaling laws and training limits

● And more!

● Catch me anytime today or snipe me at the 15:30 panel
67
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Thanks

[Shaked 
asked for 
no photo]

Funding:



Thank you!
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yuvalpinter.com

uvp@cs.bgu.ac.il

http://yuvalpinter.com
mailto:uvp@cs.bgu.ac.il


- beat them: pixels, bytes, canines
    - (the bpe strawman)
- fix them (i can fix him meme): dropout, pathpiece, picky, superwords
    - fixing way down in the plumbing: myte, script, splinter & hu-etal-entropy (if you care about a language show it)
- join them: sage, bytespan, splinter (?), zett (?), anything plug-and-play that can lock into existing code pipelines
- loose threads of lines of work (encoding, pretok, vocab, inf, eval, multiling, downstream effects [real tasks and charbench stuff]) not all coming together
    - the diacritics thing wrt pretok - kyle and moi
    - ppl are still not doing vocab algos at all - are sage and bytespan really the only novel (unsupervised) ones since unigramlm?
- bpe's ever-present hidden tokens problem (knockout, trimmed, picky, etc.) and the various ramifications such as the min token counts rising (see chart from craig in screenshot)
- bytes, encoding, characters, a rabbit hole beyond us
- my maxim of "these things have to make sense for language -> make sense for (L)LMs -> make sense for contextual understanding"
- zoom-out science vs. zoom-in
- are we still "underexplored"?
- arguments we need to push back on
    - "everything gets fixed in the transformer layers"
        - Roy S's paper (full-word representations exist in the transformer layers)
- the evaluation crisis?
    - the bottom-up (bpe) vs. top-down (unigram) debate
    - quality vs. efficiency? BPC vs/ fertility? what about morph, cog?
    - (bytespan found a coverage "bug" in our morpho benchmark impl, p.6)
- the strawberry fixation? (this isn't it + charbench) the magikarp thing?
- what pretokenization gives us
    - and what superwords don't solve in a theoretical sense, turning the elephant in the room to a capybara in the room
        - can be framed as "no-pretok has two main disadvantages: inefficiency and empirical suckiness; superwords avoid the latter without totally relaxing the former"
- the spooky magic of (tokenization) inference
- (latter two-related) maybe a map of all the NLP pipeline with where tokenization happens and has effects? like a pre-embedding continent, then the bias stuff affecting 
downstream, multilingual rivers, etc. <- this might work (also?) better for the SI paper.

70
…t10n?



The Hot Takes for Today

● “How many r’s are in strawberry” is not interesting. Use a script.
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Leftovers (?)

● Is tokenization still “underexplored”?
○ Does everything really “sort itself out” in the transformer layers?

■ Yes and no: Schwartz, empirical evidence, but also off-domain, multilingual, etc.

● What do we do about everybody still using vanilla BPE?
○ (Even if they rebrand it, like “TikToken” or “Neo tokenizer” or whatever)

● What are the biggest elephants in our room?
○ Evaluation
○ Sweeping pretokenization under the rug
○ Multilingual and crosslingual

■ Lead in to SPLINTER and Hu-etal-entropy (“if you care about a language, show it”)

● The fun of defining auxiliary questions [formal properties, scaling laws] ← leading towards 
a “mini-NLP” ecosystem that fosters long-lived lines of research

72



Language Models are Inherently Mismatched

73

The train left 
the station 

Discrete

Real-valuedSymbolic

Smooth



Vocabulary vs. Inference

Byte Pair Encoding (BPE) 

UnigramLM 

WordPiece

SaGe

Greedy Merges Likelihood

Compatible Default

Compatible Default

Default Compatible

Default Compatible



Train Vocab using One, Infer with Another?
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Uzan, Schmidt, Tanner, Pinter. Greed is All You Need: An Evaluation of Tokenizer Inference Methods.
ACL 2024 (Outstanding Paper)



Train Vocab using One, Infer with Another?

● The default inference method is constantly outperformed on some measure
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Train Vocab using One, Infer with Another?

● The morphological gap between Unigram and BPE can be attributed mainly to 
the inference method
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Train Vocab using One, Infer with Another?

● Greedy methods are most aligned to morphology => generally a good choice

78



Downstream Eval

● PathPiece: an 
algorithm minimizing 
the total number of 
tokens in a corpus 
(CTC)

● Evaluation: on
lm-evaluation-harness

○ 350M params
○ Vocabs: 32k, 40k, 49k

79

Schmidt, Reddy, Zhang, Alameddine, Uzan, Pinter, Tanner. Tokenization Is More Than Compression.
EMNLP 2024

? ? ?



More SaGe!
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Initialize V to large Unigram-trained vocabulary

While V is too big:

Tokenize corpus using V with likelihood

Every l steps: compute 
embedding table

Compute joint ablation loss for tokens 
in current set of bottom tokens

Return V

Throw away k least lossy tokens

SaGe 3.0 (work in progress):
use Unigram likelihoods in loss; 
support likelihood decoding



Talk Overview

● Contextual Models for Tokenizers

● Evaluating Tokenizers Intrinsically

● Decoupling Vocabulary from Inference

● More Fun with Inference

● Hebrew Tokenization

81



Toolkits

● Huggingface Tokenizers
○ The most popular
○ Absolutely horrendous

● SentencePiece
○ Fast, CLI-based, BPE & Unigram
○ Very hard to extend or debug

● Tiktoken
○ For OpenAI’s models
○ Only Vanilla BPE (?!?)
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https://huggingface.co/docs/tokenizers/en/index
https://github.com/google/sentencepiece
https://github.com/openai/tiktoken


Please Try

● TkTkT (“Tokenizers toolkit”)

● Supports all the tokenizers and methods I described today

● Separates pre-processing, vocab building, and inference

83

https://github.com/bauwenst/TkTkT
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● 2024: Craig W. Schmidt, Varshini Reddy, Haoran Zhang, Alec Alameddine, Omri Uzan, Yuval Pinter, Chris Tanner. Tokenization Is More Than 
Compression. EMNLP. Preprint.

● 2024: Marco Cognetta, Tatsuya Hiraoka, Naoaki Okazaki, Rico Sennrich, Yuval Pinter. An Analysis of BPE Vocabulary Trimming in Neural 
Machine Translation. Insights on Negative Results in NLP. Abstract. Preprint.

● 2024: Omri Uzan, Craig W. Schmidt, Chris Tanner, Yuval Pinter. Greed is All You Need: An Evaluation of Tokenizer Inference Methods. 🏆 
Outstanding paper at ACL. PDF. Intrinsic tokenizer benchmark.

● 2024: Khuyagbaatar Batsuren et al.. Evaluating Subword Tokenization: Alien Subword Composition and OOV Generalization Challenge. 
Preprint.

● 2024: Anaelia Ovalle et al.. Tokenization Matters: Navigating Data-Scarce Tokenization for Gender Inclusive Language Technologies. 
Findings of NAACL. PDF.

● 2023: Lisa Beinborn and Yuval Pinter. Analyzing Cognitive Plausibility of Subword Tokenization. EMNLP. PDF. Code.
● 2023: Shaked Yehezkel and Yuval Pinter. Incorporating Context into Subword Vocabularies. EACL. PDF. Code. Video.
● 2022: Cassandra L. Jacobs and Yuval Pinter. Lost in Space Marking. Preprint.
● 2021: Yuval Pinter. Integrating Approaches to Word Representation. Preprint. This is an edited version of my dissertation introduction.
● 2021: Yuval Pinter, Amanda Stent, Mark Dredze, Jacob Eisenstein. Learning to Look Inside: Augmenting Token-Based Encoders with 

Character-Level Information. Preprint.
● 2020: Yuval Pinter, Cassandra L. Jacobs, Max Bittker. NYTWIT: A Dataset of Novel Words in the New York Times. COLING. PDF. Data.
● 2020: Yuval Pinter, Cassandra L. Jacobs, Jacob Eisenstein. Will it Unblend?. Findings of EMNLP. PDF. Video (lay audience). Handout (linguist 

audience). Also presented at SCiL 2021.
● 2019: Nicolas Garneau, Jean-Samuel Leboeuf, Yuval Pinter, Luc Lamontagne. Attending Form and Context to Generate Specialized 

Out-of-Vocabulary Words Representations. Preprint.
● 2019: Yuval Pinter, Marc Marone, Jacob Eisenstein. Character Eyes: Seeing Language through Character-Level Taggers. Blackbox NLP 

Workshop. PDF. Slides. Code. In June 2019 I gave a talk about this project at CUNY, as well as a (different) talk in December 2019 - February 2020 
at Amazon Research, at the Tel Aviv University Machine Learning Seminar, and at AISC (video). Slides from the academic venues available upon 
request.

● 2017: Yuval Pinter, Robert Guthrie, Jacob Eisenstein. Mimicking Word Embeddings using Subword RNNs. Proceedings of EMNLP. PDF. Blog 
post. Talk. Slides. Code.

https://arxiv.org/abs/2402.18376
https://aclanthology.org/2024.insights-1.7/
https://arxiv.org/abs/2404.00397
https://aclanthology.org/2024.acl-short.73/
https://github.com/MeLeLBGU/tokenizers_intrinsic_benchmark
https://arxiv.org/abs/2404.13292
https://aclanthology.org/2024.findings-naacl.113/
https://aclanthology.org/2023.emnlp-main.272/
https://github.com/clap-lab/cogtok
https://aclanthology.org/2023.eacl-main.45/
https://github.com/MeLeLBGU/SaGe
https://underline.io/lecture/71493-incorporating-context-into-subword-vocabularies
https://arxiv.org/abs/2208.01561
https://arxiv.org/abs/2109.04876
https://arxiv.org/abs/2108.00391
https://www.aclweb.org/anthology/2020.coling-main.572/
https://github.com/yuvalpinter/nytwit
https://www.aclweb.org/anthology/2020.findings-emnlp.138/
https://www.youtube.com/watch?v=Mgih0I0rJaA
https://www.cs.bgu.ac.il/~pintery/materials/Ling_colloq-revised-221130.pdf
https://www.cs.bgu.ac.il/~pintery/materials/Ling_colloq-revised-221130.pdf
https://arxiv.org/abs/1912.06876
https://www.aclweb.org/anthology/W19-4811
https://www.cs.bgu.ac.il/~pintery/papers/blackboxnlp-char_eyes-slides.pdf
https://github.com/ruyimarone/character-eyes
http://www.cs.tau.ac.il/~gamir/ml_seminar/index.html
https://aisc.ai.science/
https://www.youtube.com/watch?v=KokBC8zBEWE
http://aclweb.org/anthology/D/D17/D17-1010
https://mlatgt.blog/2018/03/18/learning-to-represent-words-by-how-theyre-spelled/
https://mlatgt.blog/2018/03/18/learning-to-represent-words-by-how-theyre-spelled/
https://vimeo.com/238234299
https://www.cs.bgu.ac.il/~pintery/papers/EMNLP-2017-yuvalpinter.pdf
http://www.github.com/yuvalpinter/mimick


Talk Overview

● Contextual Models for Tokenizers
○ V SaGe

● Evaluating Tokenizers Intrinsically
○ V (Beinborn)
○ V (Greed p1)
○ (Huygaa?)

● Decoupling Vocabulary from Inference
○ V (Greed p2)
○ V (Pathpiece)
○ V (Cognetta) [and list the other ones]

● More Fun with Inference 86



Representing Language

The likely winners of the Academy Awards just left. 

87



Representing Language

The likely winners of the Academy Awards just left. 
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Subword modeling



Representing Language

The likely winners of the Academy Awards just left. 

89

Subword modeling



Representing Language

The likely winners of the Academy Awards just left. 
leaveed

90

Subword modeling



The queen was just. 

Representing Language

The likely winners of the Academy Awards just left. 
leaveed

91

Contextual representations



Representing Language

The likely winners of the Academy Awards were tested 

for coronavirus. 
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Out-of-vocabulary 
terms (OOV)



But This is Mostly about BPE (Byte-Pair Encoding)

● BPE is one algorithm for tokenization, it’s bottom up: merge the most frequent 
token-pair into a new token, iteratively

● WordPiece is mostly the same

● UnigramLM is top-down, retaining tokens
that have a high “likelihood” across the training corpus

○ When a model is claimed to use “sentencepiece tokenization”, it usually means this

● This 2020 paper argues UnigramLM is better than BPE:
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The 
train 

left the 
station. 

The Static Embeddings Pipeline

94

Pre-train a model over 
a large corpus 
(“unlabeled”)

Use model artifacts in 
downstream task 

(“labeled”)

the
a
train
station
left
city
  …    ...



Integrating the Character Level into Subwords

95

More learning, with 
both tokenization 

strategies

Add character-level 
sequence model

Learn contextual 
embedding model 
from a large corpus

Fine-tune model 
parameters on 

downstream task

Learn subword 
vocabulary



Talk Overview

● Contextual Models for Tokenizers

● Evaluating Tokenizers Intrinsically

● Decoupling Vocabulary from Inference

● More Fun with Inference

● Hebrew Tokenization
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Everything’s Worse in ~*~Hebrew~*~
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