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- DL models rely on a space model, mathematical functions
and probabilistic choices, but they offer a much more
complex and flexible methodology than simple statistical
scores (such as log-likelihood, MI, etc.)

- DL has contributed to a drastic improvement in Machine
Translation (MT) and in the functionalities of Large
Language Models (LLMs), such as Bert-like models, GPT,
Copilot

- All state-of-the-art LLMs and neural machine translation
models are based on the Transformer architecture
(Vaswani et al. 2017)
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Transformer has introduced self-attention, which r.neans from alinguistic point.of view that the whole
sentence in which the word is used will be considered each time by the model.

In addition, the sentences will bétrained in parallel, so that relatively broad contexts will be taken-into
account in the semantic representation, both to the left and to the right of each word. -
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2. What are the (theoretical and practical)
missing links?



- As the Transformer architecture takes the broad context

Into account, it should (in principle) cope very well with
PHRASEOLOGY, FORMULAE and (maybe)
CONSTRUCTIONS

- However, this leaves us with a number of MISSING LINKS




- The THEORETICAL UNDERPINNINGS of Transformer are,
In the first place, not explicitly stated:

- Vaswani et al. (2017) make no reference to distributional
semantics (although they use distributions), nor to
Information retrieval (although they use linear algebra and
metric clusters based on probability)

- In probability, the distribution of continuous values has to
take expertise into account, which in this case (language)
was hardly the case

Probability | Weibull distribution Probability | Normal|Gaussian distribution

Definition: Weibull distribution

The Weibull d'/stributiQn Weibull(e, ) with parameters o > 0 and 3 > 0 is defined by the The normal distribution/Gaussian distribution N(p, %) with parameters p € R and o > 0
Riemann density function is defined by the Riemann density function

Definition: Nermal|Gaussian distribution
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From a PRACTICAL POINT OF VIEW, there are also a number of
missing links

Is idiomatic information presentin Large Language Models based on
Transformer (LLMs)?

Is constructional information present? Is it the same type of
Information?

Is a vector approach (cosine similarity or distance) appropriate for
measuring phraseology, constructions?

Is the fine-tuning of these models necessary for phraseology / CxG?

Can we partly answer those questions by studying the results of
Neural Machine Translation (NMT), which is also based on
Transformer?



'mfaz;l‘;;ff . - With respect to all these questions, a corner
ST of the vell has already been lifted by some
I recent studies
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3. Experiments



3.1.

Is there any CxG in LLMs?

Different probing techniques have been used in the literature, but there is
no conclusive evidence that constructional information is present in
pretrained language models : "Current probing techniques have not yet
shown that PLMs are able to adequately handle the meaning of
constructions. Assuming that more comprehensive probing techniques will
show conclusively that this is not the case, is it due to a lack of data? Or is
there a fundamental incompatibility of current architectures and the
concept of associating a pattern with a meaning?" (Weissweiler et al. 2023,
p. 92)

In addition to the varied experiments that have been reported in the
literature (see slide 11), it takes just a few minutes to find practical
examples illustrating the lack / inaccuracy of constructional information
In LLMs



Example 1. wrong translation of constructions by NMT

e DeepL  Traducteur v Produits Solutions v Tarifs Applications

Connexion

@ Traduire du texte m Traduire des fichiers / DeepL Write

anglais (langue détectée) v frangais v automatique v/ Glossaire

Il éternue la mousse de son café.

Autre lutions :
Il a éternué la mousse de son café.

Il éternue I'écume de son café.




Example 2: using SBERT to measure semantic similarity between sentence embeddings

o from sentence transformers import SentenceTransformer, util, InputExample, losses
#lLoad the model(here we use minilm)

model = SentenceTransformer('all-MinilM-L6-v2"')

; " #we get the embeddings by calling model.encode()
embl = model.encode("He has disclosed the secret.")
emb2 = model.encode("He has spilled the beans.")
#Get the cosine similarity score between sentences
cos sim = util.cos sim(embl, emb2)
listval = torch.from numpy(np.array(cos sim))
valcosinus = listval[@].item()
print(f"The cosine similarity is: {valcosinus}")

g K
1

=¥ The cosine similarity is: 0.4278157651424408

‘, #We get the embeddings by calling model.encode()
embl = model.encode("He has disclosed the secret.")
emb2 = model.encode("He has closed the door.")

#Get the cosine similarity score between sentences
cos sim = util.cos sim(embl, emb2)

listval = torch.from numpy(np.array(cos sim))
valcosinus = listval[@].item()

print(f"The cosine similarity is: {valcosinus}")

=~ The cosine similarity is: 0.41226205229759216



Example 2: using SBERT to measure semantic similarity between sentence embeddings

o from sentence transformers import SentenceTransformer, util, InputExample, losses
#lLoad the model(here we use minilm)

model = SentenceTransformer('all-MinilM-L6-v2"')

° #We get the embeddings by calling model.encode()
embl = model.encode("He is eating an apple.")
emb2 = model.encode("He is smiling a little.")
#Get the cosine similarity score between sentences
cos _sim = util.cos sim(embl, emb2)
listval = torch.from numpy(np.array(cos sim))
valcosinus = listval[O].item()
print(f"The cosine similarity is: {wvalcosinus}")

3+ The cosine similarity is: ©.31473419070243835

". #We get the embeddings by calling model.encode()
embl = model.encode("He is eating an apple.")
emb2 = model.encode("He is writing a paper."”)
#Get the cosine similarity score between sentences
cos _sim = util.cos _sim(embl, emb2)
listval = torch.from numpy(np.array(cos sim))
valcosinus = listval[@].item()
print(f"The cosine similarity is: {valcosinus}")

)

The cosine similarity is: 0.2268688827753067



- A better understanding (probing) of LLMs for CxG / Phraseology requires a
detailed examination of the specific features of Transformer: computation
of the dot product between a query vector and a set of key vectors, scaling
the result by the square root of the dimensionality of the key vectors
(avoiding too big dot products)

- =>the method is very similar to cosine distance, cosine similarity

In practice, we compute the attention function on a set of queries simultaneously, packed together
into a matrix (. The keys and values are also packed together into matrices K and V. We compute
the matrix of outputs as:

.. KT
Attention(Q, K, V') = softmax( @A 'V (1)

Vi

The two most commonly used attention functions are additive attention [2], and dot-product (multi-
p]iLdti\ /e) attention. Dot-product attention is identical to our algorithm except for the scaling factor
of ===DAdditive attention computes the compatibility function using a feed-forward network with

a 511101{”.‘ hidden layer. While the two are similar in theoretical complexity, dot-product attention is
much faster and more space-efficient in practice, since it can be implemented using highly optimized
matrix multiplication code.

Vaswani et al. 2017, p. 4



- BERT model (large): 16 attention heads

- GPT-3: 96 attention heads

- =>many subspaces can be studied for every token (word), corresponding
to various levels of representation (black box but may include spelling,
morphology, syntax, collocations, idioms, CxG?)

- => HOWEVER, sufficient exposure to all those levels crucially depends on
the number and nature of examples in the training dataset

Multishead atténtion allows the model to jointly attend to information ffom différént representation
subspaces at different positions. With a single attention head, averaging inhibits this.

MultiHead (@, K, V') = Concat(head,, ..., heady,) wo
where head; = Attention {QU:’ JKWE vwY)

Vaswani et al. 2017, p. 5



- Partial conclusion of 3.1.: Is there any CxG in LLMs? The very nature of
multi-head attention in Transformer is a weak point for phraseology and for
CxG: exposure to a sufficient number of relevant examples is not

“guaranteed

- Therepresentation of CxG and Phraseology in LLMs is therefore partial

and unpredictable

- Weissweiler et al. (2023) come to very similar conclusions:

involved 1n it. In a transformer-based LM, this addi-
tional meaning component cannot be stored in the
static embeddings and contextualised through the
attention layers, because unlike for MWESs, many
constructions have very open slots, so that it 1s im-
possible to say that their meaning should somehow

be stored with the meaning of the words that may
instantiate them. The only place to store construc-
tional information, therefore, remains the model
weights, which are much harder to investigate or
alter than the model’s input, and further probing
might reveal that they are unable to store it at all.

Weissweileretal. 2023, p. 93



- On the bright side, these elements suggest that LLMs are able to yield
good results for CxG in the case of frequent tokens / constructions

- Thus, good results have been obtained by Veenboer & Bloem 2023, Wada
et al. 2022, Ziem & Feldmtller 2023

word Jahr ‘vear’ in the N1 PREP N1 construction we find the following words:

Kalenderjahr ‘calendar year’, Jahrs ‘year (inflected)’, Jahrzehnt ‘century’, Jahres

‘vear (inflected)’ and Jahrgdnge ‘years |/ generations’ (cf. Feldmiiller et al. in

prep. for details). Overall, the operation of our method can be summarized as

follows:

— In a first step, we collect as many example sentences for a construction as
possible and annotate instances of construction elements.

Using decontextualized embeddings and a slightly modified implementation
of unsupervised lexical substitution (Wada et al., 2022), we let BERT predict
possible substitutes for the fillers of the slots, which we filter with respect to
their POS tag as well as overlapping word segments.

Finally, for every sentence, the scores of the top five predictions are summed
up to generate a collo-profile.

(Ziem & Feldmtiller 2023, p. 215)



- However, as Weissweller et al. 2023 also suggest, a full
Investigation of CxG in LLMs requires other solutions:

- Training new models with millions of examples of
constructions in various languages (time consuming)

- FINE-TUNING existing models



3.2. Fine-tuning LLMs for CxG / Phraseology

- Fine-tuningis now widely accepted as the recommended Al methodology
for extracting very specific information from LLMs. In many cases, itis
even better than prompt engineering (e.g. with GPT)

* Fine-tuning allows models to learn from new examples and potentially acquire new knowledge not part of

their original training set. In contrast, prompt engineering limits models to the original knowledge and

capabilities and cannot introduce new knowledge.

https://nexla.com/ai-infrastructure/prompt-engineering-vs-fine-tuning



- Althoughthereis somedebate on thisissue, CxG and Phraseology
are related to each other, especially for the link between
entrenchment/conventionality / idiomaticity

- Langacker (2008:32) distinguishes between entrenchment and
conventionality: “For ease of discussion, | am conflating two
parameters that eventually have to be distinguished: entrenchment
or unit status (pertaining to a particular speaker) and
conventionality (pertaining to a speech community)

- Inasense, ALL CONSTRUCTIONSARE IDIOMS: “What may license
referring to some constructions as idioms and not others is merely
a reflection of the fact that effects of idiomatic variation are best
observablein partially schematic complex constructions —however,
this does not make them fundamentally different in nature from
other constructions (Wulff 2013:285)



- If CxG and Phraseology arerelated to each other, Al-based
experiments with Phraseology may be useful as well for CxG

- Colson (2022): experiment with automatic extraction of phraseology
by fine-tuning of an LLM




METHODOLOGY

In this experiment, 4 general categories of phraseology were chosen: IDIOM, COLLOCATION,
FORMULA, FREE

[ 1 #Prepare the data
categories = ['IDIOM', 'COLLOCATION', 'FORMULA', 'FREE']

X _train = trainData['text']
y train = trainData['labels']
x test = testDatal'text']

y test = testDatal'labels']

We chose for an ELECTRA model, in which the linguistic masks are not randomly attributed. In
BERT, a number of words are arbitrarily replaced by a blank (in order to improve the training of
the model). In ELECTRA models, the masks are not blanks but plausible words, accordingto a
statistical selection. There is also a higher number of attention heads in the model. The
hypothesis was that such an approach may better capture phraseology.

from transformers import AutoTokenizer, AutoModelForSequenceClassification

en_tokenizer = AutoTokenizer.from pretrained("dbmdz/electra-large-discriminator-finetuned-conll83-english")

en_model = AutoModelForSequenceClassification.from pretrained("dbmdz/electra-large-discriminator-finetuned-conll@3-english", num_labels=4)

en_model.config




METHODOLOGY

In order to train the model, 5 000 examples of idioms, collocations and formulas were randomly
selected from dictionaries and freely available lists

The model was gradually improved by checking the wrong results (other language, nonsensical
language...); this happened manually, and by recourse to a user interface. Total size of the learning
data: 30,000 ngrams

Select Ngrams, JP Colson 2022 - .

complete nonsense: COLLOCATION
conference in Paris: COLLOCATION
continued to soar: COLLOCATION
daily newspaper: COLLOCATION
deaths by: COLLOCATION

drew criticism from: COLLOCATION
for an official visit: COLLOCATION
frustrated with: COLLOCATION
government figures: COLLOCATION
have increased by: COLLOCATION

Load file

Reset file

Starting line:

COLLOCATION FORMULA




RESULTS

After just a few weeks of training, the model reached excellent results, but as always in Al for
language, there is a necessary note of caution

[ ] learner.validate(class names=t.get classes())

precision recall fl-score  support

IDIOM : .81 .85 247
COLLOCATION : .86 .83 423
FORMULA : .69 .18 206
FREE : .97 .96 1632

accuracy 91 2508
macro avg : .83 .85 2508
weighted avg , .91 .91 2508




EXPERIMENT WITH EXTRACTION OF Df IDIOMS BY Al

- Colson (2024, in press, Le Francais moderne), Le traitement informatique du défigement :
des corpus a l'intelligence artificielle

- Defrosted idioms, idiom modification, creative idioms, « défigement », « Remotivation »:
the phenomenon is very common in popular newspapers (tabloids)

- Whatis at stake is a complex, partly schematic and partly idiomatic construction, often
with cultural references
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EXPERIMENT WITH EXTRACTION OF Df IDIOMS BY Al

- In spite of the complexity of such constructions (partly schematic, partly idiomatic, playing
with spelling, pronunciation, cultural references), it was possible (Colson 2024) to reach
promising results with a limited training dataset of 400 examples

- The crucial point was detailed fine-tuning (few-shot learning)

preécision rappel | score f1
FIGEMENT 0,75 1,00 0,86
DEFIGEMENT 1,00 0,54 0,70

AUTRE 0,83 0,71

Moyenne pondérée’ | 0,84 0,80




EXPERIMENT WITH CxG (Colson 2024): collo-profiles with Al

- Inspired by the examples in Ziem & Feldmuller (2023), the English construction N;
PREP_N; was tested for the extraction of collo-profiles by means of Al

- Methodology:

- Tagging of a portion of 120 million tokens from corpus ukWac with Stanford PoS Tagger

- Extraction (perl script, regex) of patterns N,  PREP N, with freq=2 as threshold

- All patterns were submitted to the model used for the extraction of phraseology (Colson
2022), with the categories IDIOM, COLLOCATION, FORMULA, FREE

- The results confirm the idiomatic and semi-idiomatic character of many collo-profiles (see
attachment)



BY WAY OF CONCLUSION

Provided that effective fine-tuning is used, it should be possible to compile similar models for
the automatic identification of constructions

For every construction, 400-500 examples would be necessary, but this task can be largely
automated by patterns and automated scripts

Once the model has been trained for a list of constructions, it should be able to identify
constructions in text, with useful applications for language learning or translation

In addition, pushing LLMs to their linguistic limits is always useful for Al in general

Vision Transformer

ntroduced by Dosovitskiy et al. in An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale

The Vision Transformer, or ViT, is a model for image classification that employs a Transformer-like
architecture over patches of the image. An image is split into fixed-size patches, each of them are then

linearly embedded, position embeddings are added, and the resulting sequence of vectors is fed to a

standard Transformer encoder. In order to perform classification, the standard approach of adding an

extra learnable “classification token” to the sequence is used.

(https://paperswithcode.com/method/vision-transformer)



