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1. Intro: AI, DL and Transformer  

(Source: Microsoft, CNTK) 

Machine learning relies on mathematics, especially on Linear Algebra (vectors and matrices) , 

Calculus (derivatives and gradients), and Probability (variance, regression, distribution)  

Sequential neural network (multi-layer perceptron)  



- 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) 

 



The Transformer architecture (Vaswani et al. 2017). Source: medium.com 

Transformer has introduced self-attention, which means from a linguistic 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 be trained 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. 



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 

(Source: edx.org) 



- From a PRACTICAL POINT OF VIEW, there are also a number of 

missing links 

- Is idiomatic information present in 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? 

 

 



- With respect to all these questions, a corner 

of the veil has already been lifted by some 

recent studies 





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 



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



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



- 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 

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 

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 
- The representation of CxG and Phraseology in LLMs is therefore partial 

and unpredictable 

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

Weissweiler et al. 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 & Feldmüller 2023 

(Ziem & Feldmüller 2023, p. 215) 



 

- However, as Weissweiler 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-tuning is now widely accepted as the recommended AI methodology 

for extracting very specific information from LLMs. In many cases, it is 

even better than prompt engineering (e.g. with GPT) 

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



 

- Although there is some debate on this issue, 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, I 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) 

 

- In a sense, ALL CONSTRUCTIONS ARE 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 

observable in partially schematic complex constructions – however, 

this does not make them fundamentally different in nature from 

other constructions (Wulff 2013:285)  

 



 

- If CxG and Phraseology are related to each other, AI-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 

 



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

FORMULA, FREE 

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, according to 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. 

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 

 

 

 

 

METHODOLOGY 



After just a few weeks of training, the model reached excellent results, but as always in AI for 

language, there is a necessary note of caution 

 

 

 

 

RESULTS 



- Colson (2024, in press, Le Français moderne), Le traitement informatique du défigement : 

des corpus à l’intelligence artificielle 

 

EXPERIMENT WITH EXTRACTION OF Df IDIOMS BY AI 

- Defrosted idioms, idiom modification, creative idioms, « défigement », « Remotivation »: 

the phenomenon is very common in popular newspapers (tabloids) 

 

- What is at stake is a complex, partly schematic and partly idiomatic construction, often 

with cultural references 







- 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) 

 

EXPERIMENT WITH EXTRACTION OF Df IDIOMS BY AI 



- Inspired by the examples in Ziem & Feldmüller (2023), the English construction N1_ 

PREP_N1 was tested for the extraction of collo-profiles by means of AI 

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

- Methodology: 

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

- Extraction (perl script, regex) of patterns N1_ PREP_N1 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) 

 



- 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 AI in general 

BY WAY OF CONCLUSION 

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


