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Introduction
La traduc tion raisonnée or “Reasoned Trans la tion” is the title trans la‐ 
tion scholar Jean Delisle gave to his celeb rated pedagogy text book,
which has been used in English- French trans lator training in Canada
and around the world for four decades. With such a title, the premise
of the book is straight for ward: a trained (human) trans lator will have
the ability to reason; a good trans la tion is one that was reasoned.
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Delisle’s text book was first published in 1993, with subsequent
editions every ten years (2003 and 2013) to which other trainers and
researchers contrib uted as advisors, co- authors or solo authors of
some chapters  (objectifs, in French). Today, over ten years after the
3rd  edition was published, it is worth revis iting the book in the
current neural machine trans la tion (NMT) and arti fi cial intel li gence
(AI) era, putting the notion of “reasoned trans la tion” into perspective.

2

In recent times, the field of natural language processing (NLP) has
exper i enced notable progress, primarily attrib uted to the emer gence
of large language models (LLMs) such as gener ative pre- trained
trans former (GPT) models, commonly referred to as gener ative AI
(GenAI). These models are trained on extensive amounts of text data
and can generate human- like language for various NLP tasks,
including language trans la tion  (Brown et  al., 2020). LLMs have
garnered signi ficant atten tion due to their ability to generate text
within seconds based on prompts by the user (e.g. “Write a short
story in the style of Molière” or “Give me 10  reasons to attend the
2026 FIFA World Cup in North America”), in addi tion to their conver‐ 
sa tional capab il ities. This success has resulted in a shift in the field of
NLP, with researchers exploring ways to fine- tune these models for
specific tasks such as trans la tion (Hendy et al., 2023) and trans la tion
assess ment (Kocmi and Feder mann, 2023).

3

That being said, can NMT and GenAI systems pass what we call the
“Delisle test”? In other words, do these systems display any signs of
the ability to reason, the way prop erly trained human trans lators do
when trans lating from English into French? To explore these ques‐ 
tions, we put NMT systems (MS Bing Trans lator, Google Trans late
and DeepL) and GenAI systems (ChatGPT, NotionAI and Gaby- T) to
the test, using a selec tion of examples taken from 30 chapters from
the 3rd  edition  of La traduc tion  raisonnée (Delisle and Fiola, 2013a
and 2013b), analyzing the results in light of the back ground inform a‐ 
tion and explan a tions provided in the text book. Can these systems
produce “reasoned” trans la tions? What might the implic a tions of the
answer to this ques tion be for the future of trans la tion pedagogy?

4

Table  1 below provides a snap shot of the corpus compiled and
analyzed, and the tests performed for this study; more details will be
provided in Sections 3 and 4.
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Table 1. Total number of segments in the corpus analyzed per condi tion, exper i ment stage
and section of the book, and grand totals.

The remainder of this paper is organ ized as follows: Section  2 will
build upon what inspired Delisle’s work and what he means  by
traduc tion  raisonnée; Section  3 will present two pilot exper i ments
and the meth od o logy of our main exper i ment. Section 4 will focus on
the results of the main exper i ment; and Section  5 will offer some
insights into poten tial research avenues in trans la tion pedagogy and
beyond, before the concluding remarks in Section 6.

6

On “reas oning”, or performing
discourse analysis in translation

Delisle was first inspired by (and borrowed the notion  of
reasoned translation from) French linguist, author, and trans lator Jean
Darbelnet, one of the most important contrib utors to the field of
compar ative styl istics (CS) (Delisle and Fiola, 2013a: 18). This field
focuses on comparing the ways in which two texts in two different
languages struc ture their inform a tion gram mat ic ally and rhet or ic ally,
concep tu al izing compar ative features so that, when applied to trans‐ 
la tion prac tice, trans lators are more adept to avoid the impulse of
adhering too closely to the expressive form of the source text.
Darbelnet applied these obser va tions in a 1969 paper, titled precisely
La traduc tion  raisonnée, and filled with CS concepts and examples
comparing English and French. He suggests that untrained trans‐ 
lators are often “victims of the tyranny of form” (Darbelnet, 1969� 7,
our trans la tion). For his part, Delisle suggests that:

7
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Learning to trans late is learning to approach a text in a “reasoned”
way, to progress ively discover all the things involved in the transfer
of the meaning of a text from a language into another, a task more
diffi cult than it may appear at first glance (Delisle, 2003� 17,
our translation).

He also reminds the reader/learner that the text book is not to be
used as a recipe book, and that the example or model trans lated
phrases, sentences or texts in French provided throughout the book
are  not the trans la tions of the corres ponding English phrases,
sentences, or texts. They only go to show that “the solu tions to every
trans la tion problem are multiple” and “always depend on
context” (ibid., our translation).

8

Delisle’s earlier (doctoral) work, which later developed into La traduc‐ 
tion raisonnée, proposed “discourse analysis as a method of trans la‐ 
tion” (Delisle, 1988) focusing on the complexity of the intel lec tual
mech an isms involved in trans la tion. Discourse analysis is crucial for
under standing complex texts. It helps reveal the author’s intent and
assists trans lators in making informed decisions. By examining the
discourse surrounding the text, trans lators can identify key themes,
rhet or ical strategies, and cultural refer ences that are essen tial to
under standing the original text and object ivize its trans la tion. But
what is discourse? Shi- xu presents this concept as:

9

a set of diver si fied and competing construc tions of meaning
asso ci ated with partic ular groups of people […] [It is] a construc tion
of meaning—repres enting and acting upon reality—through linguistic
means in concrete situ ations. It is thus a unity of both form and
meaning. And it is not merely a form of talking or writing, but also a
way of thinking (2005� 1).

In other words, discourse is a complex process that involves language
and thought, as well as the social and cultural contexts in which
commu nic a tion takes place. Moreover, to  define discourse  analysis,
Phil lips and Hardy (2002� 4) explain first that discourses are
“embodied and enacted in a variety of texts,” which may take a variety
of forms (written texts, spoken words, pictures, symbols, arti facts,
etc.), and that texts are not mean ingful in isol a tion: “[I]t is only
through their inter con nec tion with other texts, the different
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discourses on which they draw, and the nature of their produc tion,
dissem in a tion, and consump tion that they are made mean‐ 
ingful.” Thus, discourse analysis is the prac tice of exploring:

how texts are made mean ingful through these processes and also
how they contribute to the consti tu tion of social reality by making
meaning […]. Discourse analysis is thus inter ested in ascer taining
constructive effects of discourse through the struc tured and
system atic study of texts (ibid.; emphasis in the original).

Trans la tion studies (TS) scholars such as Delisle and others (e.g.,
Brisset, 2010; Munday and Zhang, 2017; Schäffner, 2004; Zhang et al.,
2015) have unsur pris ingly been inter ested in discourse analysis for
decades, since there is much the discip line can learn from the struc‐ 
tured and system atic study of texts. Discourse analysis in TS has been
revealing of contex tual factors; linguistic features; prag matics; inter‐ 
tex tu ality; ideo logy and power rela tions; and discourse communities;
all of which helps to object ivize the trans la tion process. By applying
discourse analysis to the act of trans la tion, trans lators can identify
strategies for produ cing top- quality texts in the target language—an
ability that Delisle seeks to develop among translators- in-training
who care fully study La traduc tion raisonnée. In a review of the 2013
edition of the book, Kumbe concludes:

11

[Jean Delisle] and his collab or ators deal with ques tions relating to
the reasoned approach of the trans lator, as well as linguistic and
styl istic differ ences. Incor por ating this know ledge into trans lator
training programs will alert future trans lators to the pitfalls of
trans la tion and, if the learning does happen, trans lators are able to
avoid unne ces sary trial and error (2016� 736, our translation).

The goal of the reasoned- translation method is thus to cultivate a
reflex in future trans lators that promotes a conscien tious approach
to trans lating, analyzing the discourse, and avoiding obvious short‐ 
cuts (syntactic or lexical calques, the choice of the first equi valent
word provided by a bilin gual dictionary, etc.; more on this in our
exper i mental data below). Instead, trained trans lators will reason to
get to the message and refor mu late that message idio mat ic ally in the
target language —in this case French— and using proper termin o logy.

12
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Ulti mately, they can contribute to preserving the struc ture and style
typical of the language, and the rich ness of its vocabulary.

In short, La traduc tion raisonnée encour ages trainees to reason when
trans lating, i.e., to adopt an attentive mindset that resists short cuts,
ulti mately leading to a more thoughtful and effective trans la tion
process (Delisle and Fiola, 2013a: 422). With this idea in mind, let us
now dive deeper into our exper i ments testing machines’ ability to
reason when trans lating from English into French, illus trated by
several examples.

13

The reasoned trans la tion test: exper i ‐
menting with NMT and GenAI

In this section, we present two pilot exper i ments which informed this
study, and the meth od o logy of the main exper i ment, also described in
this section. The results of the main exper i ment will follow in
section 4.

14

Pilot experiments

During the initial phases of this study, two pilot exper i ments were
conducted. For the first one (May  24, 2023), a quick test was run
machine- translating a 230-word text using DeepL (an NMT system),
and ChatGPT (a GenAI system). In the case of ChatGPT, a “zero- shot”
prompt was used: “Trans late the following text into French: [text in
English].” Zero- shot prompts directly instruct the model in a straight‐ 
for ward manner, without any examples or demon stra tions (Saravia,
2022). The text was taken from Delisle and Fiola (2013a)’s “Lexical
Networks” chapter (Objectif 73 - Réseaux lexicaux), which opens with
a quote by Valery Larbaud: “A single word, used by the author in two
different passages, will not always be trans lat able by the same word
in the two corres ponding passages. Yet this seems contrary to logic”
(2013a: 613, our trans la tion). The chosen text for our first pilot exem‐ 
pli fies exactly that. The example and analysis were borrowed by
Delisle and Fiola from linguist and trans lator Maurice Pergnier, who
explains the notion of semantic fields and how the same word (in the
case of this excerpt, the word land) repeated eight times in English,
cannot be trans lated eight times by the same word in French. As a
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matter of fact, in the proposed trans la tion, this word is trans lated in
six different ways: by the most obvious equivalent terre(s), but also by
régime  seigneurial, seigneurie, parcelles, domaine and fiefs (while
acknow ledging that other equi val ents could have been possible).
Delisle and Fiola support that a trans lator would “commit a meth od o‐ 
lo gical error” (2013a: 616, our trans la tion) if they limited the trans la‐ 
tion of this word to a single equi valent, or even to the equi valent(s)
provided by bilin gual diction aries (the limits of which are also
discussed in the third chapter  [Objectif  3] of the text book). They
conclude from their analysis  in Objectif  73 that “language units” do
not simply have “language value” but rather “discourse value”. It is
only through discourse analysis that, in this case, a precise word can
be found in the French trans la tion at every instance of the word land
in English. While thor oughly analyzing our first pilot test is beyond
the scope of this paper, it is worth noting that the systems failed the
test, consist ently trans lating the eight instances  of land by “terre”
(singular) or  “terres” (plural) instead of using the variety of more
precise terms that would be preferred in five of the eight cases. Both
systems made the common meth od o lo gical error high lighted by
Delisle and Fiola: failing to provide a variety of more precise terms
in translation.

The second pilot (June 7, 2023) involved drafting a “few- shot” prompt
intended for GenAI systems. Few- shot prompts are char ac ter ized by
the inclu sion of examples and demon stra tions (Saravia, 2022). The
prompt consisted of providing the system with two examples
taken from La traduc tion raisonnée: source segments in English and
the French trans la tions provided by Delisle and Fiola. More specific‐
ally, we took these examples from the chapter focusing exclus ively on
the diffi culty of trans lating “avail able”  (Objectif  30) which can be
mistrans lated as  “disponible” in French if no analysis takes place
during the trans la tion process. In this test, we wanted to “have a
conver sa tion” in French with the GenAI system, asking it to explain,
based on the two examples provided, what strategy the trans lator
used, and why the latter avoided trans lating “avail able” as “disponible”.
After this prompt was tested, a second few- shot prompt was drafted
using the same two examples, this time asking the system to look at
the two examples provided and then trans late a third segment which
also contained the word available “by also avoiding ‘disponible’”. Again,
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while the discus sion of this second pilot is beyond the scope of this
paper, it is worth noting that the replies provided by the system
displayed signs of “reas oning” (or a good imit a tion of it) in a way a
trained linguist/trans lator would. These initial obser va tions led us to
design and conduct a formal exper i ment, described in the
following section.

Exper i mental design

In this subsec tion we will describe the meth od o logy of the main
exper i ment, which was conducted in two stages: first in June  2023
and again in December 2023.

17

Data gathering

In the first stage of the project (June  2023), we compiled a corpus
consisting of English segments extracted from 15 of the chapters in
the section of Delisle and Fiola (2013a)’s text book dedic ated to
syntactic diffi culties (Objectifs 48 to 62). Instead of using longer texts
(like the text in the first pilot), we decided to use only short segments
from different chapters of the book. (The segment- based approach
and its limit a tions will be discussed in the conclu sion.) Such
segments appear either under the  “Exer cices  d’application” or
the “Exemples de traduction” sections. Before and/or after the latter,
the authors provide explan a tions as to why it is neces sary to reason
when trans lating texts containing the diffi culty in ques tion  (e.g.,
available), and give examples of trans lated versions, often offering
more than one possible trans la tion, or “vari ations” of the trans la tion
of such segments. When the example segments were taken from
the  “Exer cices  d’application” section, we used the French version
provided in the  “Livre du  maître” version of the text book (Delisle,
Fiola, 2013b), which provides trainers with example trans la tions in
French of the various segments and texts in the students’ text book,
for reference.

18

We randomly extracted three English segments per chapter, for a
total of 45. Each segment was trans lated using the six systems
selected, namely MS Bing Trans lator (Bing), Google Trans late
(GoogleT), DeepL, ChatGPT, NotionAI and Gaby- T; in other words, for
each of the 45 English segments, we had six machine- generated

19
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French trans la tions. Natur ally, no prompt was used when trans lating
with the three NMT systems. In the case of GenAI, a zero- shot
prompt was used: “Trans late the following text into French: [segment
in English]”.

For the second stage (December 2023), we repeated the oper a tion for
15 more chapters of the book, in this case those found in the section
devoted to lexical diffi culties (Objectifs 30 to 44). We compiled a total
of 90 segments, each machine- translated six times: three times with
no prompt, with NMT, and three times with a simple zero- shot
prompt, with GenAI.

20

In addi tion, we engin eered a total of 30  few- shot prompts, one for
each of the 30 chapters studied. These advanced prompts were elab‐ 
or ated with the model from the second pilot. We had already
extracted three English segments from each chapter. Now, the first
two, and their corres ponding French trans la tion provided by Delisle
and Fiola served as the two examples from which the system was to
“learn”. In addi tion, to provide more context to the AI system, for
each few- shot prompt we summar ized in one para graph (of approx‐ 
im ately 100–150 words), to the best of our know ledge and capa city,
the contents of the chapter. This meant briefly explaining the trans‐ 
lator’s “reas oning” (as explained by Delisle and his collab or ators
them selves, or borrowed from others) when trans lating the two
segments, offering supple mentary explan a tions, and then ending the
prompt by asking the system to trans late a third sentence, while
reminding it what (not) to do; in other words, what it takes for the
trans la tion to be considered “reasoned” (and pass the “Delisle test”).
Figure  1 below presents, in English, the struc ture of the few- shot
prompts that were provided to the GenAI systems in French:

21
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Figure 1. Struc ture of the few- shot prompts

Figure 2. A cropped screen shot of the corpus document

The segments trans lated with the few- shot prompts were also
included in the corpus in both phases of the exper i ment: 15 from
June  2023 for the chapters dealing with syntactic diffi culties, the
same 15 segments trans lated in December 2023, and 15 new segments
for the chapters dealing with lexical diffi culties. In total, we had 630
machine- translated segments to analyze in the second stage; in total,
945 segments were analyzed in both stages. Figure  2 provides an
example of how the trans la tions of each segment were compiled in
the corpus in a Google Doc.

22
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Figure 3. A cropped screen shot of the marking spreadsheet

With the corpus compiled, we proceeded to assess whether the
systems passed the test when trans lating each segment, as
explained below.

23

Assess ment of trans lated segments and marking of
the results

To mark the data, on Google Sheets, a simple Yes/No- question
method was used to indicate whether each one of the systems tested
passed the test for each one of the example segments trans lated.
Figure 3 below displays an example of the marking. While analyzing
the corpus data, this author considered a system to have “passed the
Delisle test” if, when trans lating the given segment, it produced an
appar ently “reasoned” trans la tion both by avoiding the syntactic or
lexical calque that is common in untrained trans lators (and criti cized
by Delisle’s method), and suggesting a solu tion that corres ponds to
what a trained, human trans lator would have suggested (an example
is provided in the following paragraph).

24

Using the example in Figure  2 above (segment  #1  from Objectif
[OBJ] 48) and the marking in Figure 3, we can observe in the row for
example (EX) segment #1 that all three systems were marked with the
number “1” (to facil itate the total count later) under “N” (No) because
they “failed” the test: they all failed to reason the trans la tion in a way
that avoids using  the compar atif  elliptique (or incom plete compar‐ 
ison) in French; in the English language, the incom plete compar ison
is widely used and accepted. Specific ally, the three systems trans lated
“older”, “wiser”, and “more cautious” with expres sions that
include  “plus” + the equi valent adject ives for “old”, “wise”, and

25
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Figure 4. An example of a segment that passed the “Delisle test” for all three NMT systems.

“cautious”  (âgé, sage,  prudent, respect ively, and by default in the
mascu line form). The reasoned- translation method teaches that, in
French, the second element of the compar ison needs to be made
explicit, i.e., the answer to the ques tion: “older, wiser and more
cautious than who?” Delisle and Fiola (2013a: 420) provide the
following reasoned trans la tion in French for that part of the English
segment shown in Figure  2 that contains the diffi culty in ques‐ 
tion:  “Aujourd’hui, maturité et sagesse aidant, je redouble de
prudence [...].” On the other hand, we also observe in Figure 3 that the
three NMT systems passed the test and were marked under Y (Yes) in
the case of the example segment  #2. That is because all three
systems produced trans la tions that the reasoned trans la tion method
would have considered satis factory: they avoided the incom plete
compar ison in French and used more idio matic expres sions, as
shown in Figure 4 below. Had they trans lated “easier” by “plus  facile”
(without the second element of the compar ison made explicit, i.e.,
the answer to the ques tion: “easier than what?”), the systems would
have failed the test again.

It is important to note that, in our exper i ment, “passing the test” does
not neces sarily mean that the trans la tion is flaw less. While we were
focusing only on the word or syntactic struc ture that was dealt with
in each of the chapters, we could observe, even in some of the
segments that passed the test, other types of issues that would be
criti cized by the reasoned trans la tion method or deemed unac cept‐ 
able by an eval u ator (for instance  a contresens, or saying the exact
opposite, e.g.  “l’emploi” as the trans la tion of “unem ploy ment”). Such
analyses are beyond the scope of this paper but remain possible for
future work looking at the corpus from other angles.

26
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Table 2. Total counts and percent ages of “pass” (Y) or “fail” (N) per NMT system. Segments
from chapters on syntactic diffi culties collected in stage 1 (n = 45).

Main exper i ment data analysis
In this section, we begin by providing “vertical analyses”, or total
counts and percent ages, for each column from the marking in the
two stages of the exper i ment. First, the focus is on the data from the
chapters on syntactic diffi culties collected in June 2023, and then the
data for the same chapters collected in December 2023, and how it
compares with the numbers from June. Then we focus solely on the
data from the chapters on lexical diffi culties collected in December
and look at the totals from both syntactic and lexical diffi culties.
Lastly, we offer insights based on “hori zontal analyses” of the data
(e.g., by looking at specific rows or groups of rows in the marked
spread sheets, what are the segments or chapters where all systems,
or one type of system, consist ently failed the test?).

27

Data from chapters on syntactic diffi culties
(stage 1)

Having compiled the corpus and marked the data in the first stage of
the exper i ment, we soon noticed that NMT systems outper formed
GenAI systems in the zero- shot-prompt condi tion, yet the success
rates were not very high in any of the cases. In the case of NMT, the
average success rate was 25.2%. We observed a tie between Google
Trans late (GoogleT) and DeepL with 28.9% scoring the highest, and
the lowest perform ance for Bing with 17.8%, as shown in Table 2�

28

In the case of GenAI systems with the zero- shot prompt, the average
success rate was 19.3%. The system with the highest perform ance
was NotionAI with 24.4%, and the lowest score was noted for Gaby- T
with 13.3%, as shown in Table 3�

29
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Table 3. Total counts and percent ages of “pass” (Y) or “fail” (N) per GenAI system with a
zero- shot prompt. Segments from chapters on syntactic diffi culties collected in stage 1

(n = 45).

Table 4. Total counts and percent ages of “pass” (Y) or “fail” (N) per NMT system. Segments
in the compar able sub- set from chapters on syntactic diffi culties collected in stage 1

(n = 15).

Because the first two example segments from each objective were
included in the few- shot prompts, compar isons between the various
prompting condi tions (no prompt, zero- shot prompt, few- shot
prompt) are based on a set consisting of the remaining 15 segments,
i.e., the third segment from each of the object ives included. For this
sub- set (“the compar able sub- set” here after), we observe a higher
average success rate for NMT with 35.6%, a tie between Bing and
DeepL with the lowest perform ance, and a “win” for GoogleT with
40%, as shown in Table 4�

30

The results for the GenAI systems were virtu ally the same as when
consid ering all segments (table 3 above). NotionAI displayed a lower
perform ance this time and a tie with ChatGPT with 20%, as shown in
Table  5 below. The average success rate was natur ally lower as
well (17.8%).

31
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Table 5. Total counts and percent ages of “pass” (Y) or “fail” (N) per GenAI system with a
zero- shot prompt. Segments in the compar able sub- set from chapters on syntactic diffi- 

culties collected in stage 1 (n = 15).

Table 6. Total counts and percent ages of “pass” (Y) or “fail” (N) per GenAI system with a
few- shot prompt. Segments in the compar able sub- set from chapters on syntactic diffi- 

culties collected in stage 1 (n = 15).

That being said, a big boost in the numbers was quickly observed
with the few- shot prompt: the average success rate observed was
51.1%, with NotionAI scoring the highest with 60%, Gaby- T going
from worse (13.3% in Table 5 above) to second best with 53.3%, and
ChatGPT scoring the lowest with 40% (still, it was 100% higher than
in the zero- shot-prompt condi tion), as shown in Table 6�

32

Now, what happens when collecting data for the same segments
using the same six systems and under the same condi tions, six
months later? Can we expect the results to remain unchanged even
with the systems’ training data evolving over this period? Let us now
look at the results from December  2023 for the same 45  segments.
We expect to observe a change in perform ance of these systems over
a six- month period, which can likely be attrib uted to model updates
and improve ments, among other reasons. Indeed, the systems’
models are continu ously being refined, and updates to the under lying
algorithms, training data, or archi tec ture of these models may impact
their perform ance over time.

33
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Table 7. Total counts and percent ages of “pass” (Y) or “fail” (N) per NMT system. Segments
from chapters on syntactic diffi culties collected in stage 2 (n = 45).

Table 8. Total counts and percent ages of “pass” (Y) or “fail” (N) per GenAI system with a
zero- shot prompt. Segments from chapters on syntactic diffi culties collected in stage 2

(n = 45).

Data from chapters on syntactic diffi culties
(stage 2)

In comparing tables  7 and 8 below to tables  2 and 3 respect ively, it
can be observed that the  results are different, with one excep tion,
and the aver ages are slightly higher. In the case of NMT, the average
perform ance was 29.6%, and in the case of GenAI it was 21.5%. The
perform ance of DeepL was the same, while that of Bing increased by
62.36% to tie with DeepL. GoogleT improved slightly, as shown in
Table 7�

34

In the case of the GenAI systems, the perform ance was virtu ally the
same for ChatGPT (a slight increase) and NotionAI (a slight decrease),
which tied at 22.2%, yet notice ably higher for GabyT, which increased
from 13.3% (as observed in Table 3) to 20%, as shown in Table 8�

35

Remark able differ ences were also noted in the case of the data for
the compar able sub- set when compared with that from June
(Tables 4 and 5 above). For NMT, the average perform ance was 40% in
December. In addi tion, as shown in Table 9 below, while the perform ‐
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Table 9. Total counts and percent ages of “pass” (Y) or “fail” (N) per NMT system. Segments
in the compar able sub- set from chapters on syntactic diffi culties collected in stage 2

(n = 15).

Figure 5. An example of a segment trans lated by MS Bing in June 2023, when it failed the
test, then in December 2023, when it passed the test. The segment is taken from

Objectif 52 (“While”).

ance was unchanged for GoogleT and DeepL (see Table 4), Bing went
from worst to best, scoring 46.7% in December.

The differ ence for Bing was made by two of the segments that failed
the test in June but passed it in December, as exem pli fied in
Figure 5 below.

37

The average success rate for GenAI was also slightly higher in
December with 20%, but differ ences were notice able for all systems:
ChatGPT scored 33.5% higher, and Gaby- T scored 50.38% higher
than in June, while NotionAI scored 33.5% lower, as can be observed
by comparing Table 5 above and Table 10 below:

38
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Table 10. Total counts and percent ages of “pass” (Y) or “fail” (N) per GenAI system with a
zero- shot prompt. Segments in the compar able sub- set from chapters on syntactic diffi- 

culties collected in stage 2 (n = 15).

Table 11. Total counts and percent ages of “pass” (Y) or “fail” (N) per GenAI system with a
few- shot prompt. Segments in the compar able sub- set from chapters on syntactic diffi- 

culties collected in stage 2 (n = 15).

Remark able differ ences were also evid enced in the case of the few- 
shot-prompt condi tion. As a reminder, we are comparing the output
from the same systems tested for the same segments, under the
same condi tions, and using the same prompts, six months apart. Can
we expect the results to remain unchanged over this period? It was
observed that the average success rate decreased to 46.7% in
December (from 51.1% in June). Indi vidu ally, NotionAI went from best
to worst (from 60% to 33.3%), Gaby- T remained second but
decreased from 53.3% to 40%, and ChatGPT went from worst to best,
increasing from 40% to 66.7%, as shown in Table 11.

39

Having observed the chan ging perform ance of the systems over time,
let us now focus on analyzing the data from the 15 chapters dealing
with lexical diffi culties collected only in December 2023.

40

Data from chapters on lexical diffi culties
(stage 2)

Just like with syntactic diffi culties, we soon noticed that NMT
systems outper formed GenAI systems in the zero- shot-prompt

41
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Table 12. Total counts and percent ages of “pass” (Y) or “fail” (N) per NMT system. Segments
from chapters dealing with lexical diffi culties collected in stage 2 (n = 45).

Table 13. Total counts and percent ages of “pass” (Y) or “fail” (N) per GenAI system with a
zero- shot prompt. Segments from chapters on lexical diffi culties collected in stage 2

(n = 45).

condi tion. The success rates were not very high in any of the cases,
yet higher than for syntactic diffi culties. For NMT, the average
success rate was 37%. GoogleT displayed the lowest success with
31.1%, and DeepL the highest with 44.4%. Bing was placed second
best with 36.6%, as shown in Table 12�

In the case of GenAI systems, the average success rate was 23%. The
system with the highest perform ance was NotionAI with 28.9%, and
the lowest score was noted for ChatGPT this time, with 17.8%, as
shown in Table 13�

42

When consid ering the compar able sub- set, we observe a higher
average success rate for NMT with 48.9%, and a tie between Bing and
DeepL with the highest perform ance (53.3%); GoogleT’s perform ance
was the lowest with 40%, as shown in Table  14. Figure  6 shows an
example of a case where both Bing and DeepL passed the test, and
GoogleT failed.
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Table 14. Total counts and percent ages of “pass” (Y) or “fail” (N) per NMT system. Segments
in the compar able sub- set from chapters on lexical diffi culties collected in stage 2 (n = 15).

Figure 6. An example of a segment trans lated by MS Bing, GoogleT and DeepL in
December 2023. The segment is taken from Objectif 30 (“Available”).

Table 15. Total counts and percent ages of “pass” (Y) or “fail” (N) per GenAI system with a
zero- shot prompt. Segments in the compar able sub- set from chapters on lexical diffi culties

collected in stage 2 (n = 15).

The perform ance was lower for GenAI systems with the simple zero- 
shot prompt, with NotionAI and Gaby- T tying at 33%, and ChatGPT
displaying the worst perform ance with 20%, as shown in Table  15
below. The average success rate was natur ally lower than for NMT as
well (28.9%).
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Table 16. Total counts and percent ages of “pass” (Y) or “fail” (N) per GenAI system with a
few- shot prompt. Segments in the compar able sub- set from chapters on lexical diffi culties

collected in stage 2 (n = 15).

But again, a consid er able boost in the numbers was observed in the
condi tion with the few- shot prompt: the average success rate
observed was 73.3% (it was 51.1% in June and 46.7% in December for
syntactic diffi culties), with NotionAI scoring the lowest this time
(66.7%). ChatGPT placed second with 73.3%. Gaby- T displayed the
highest percentage in the data: 80%, as shown in Table 16�

45

Overall, it can be observed in this analysis that both system types
provide better results for segments in chapters on lexical than on
syntactic diffi culties, since the total counts and percent ages are
slightly (or some times much) higher in the case of lexical diffi culties,
partic u larly in the case of the condi tion with the few- shot prompt.

46

To finalize this vertical analysis, let us look at the grand totals from
December 2023, that is, combining the data from all 30 chapters.

47

Data from chapters on both syntactic and
lexical diffi culties (stage 2)

Consid ering the previous analysis, it is not surprising that NMT
performed better overall than GenAI with zero- shot prompts. The
average success rate for the NMT systems was 33.3%, this time based
on all 90 segments. GoogleT displayed the lowest success with 31.1%,
and DeepL the highest with 36.7%. Bing placed second best with
32.2%, as shown in Table 17�

48
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Table 17. Total counts and percent ages of “pass” (Y) or “fail” (N) per NMT system. All
segments from chapters on both syntactic and lexical diffi culties collected in stage 2

(n = 90).

Table 18. Total counts and percent ages of “pass” (Y) or “fail” (N) per GenAI system with a
zero- shot prompt. All segments from chapters on both syntactic and lexical diffi culties

collected in stage 2 (n = 90).

Table 19. Total counts and percent ages of “pass” (Y) or “fail” (N) per NMT system. All
segments in the compar able sub- set from chapters on both syntactic and lexical diffi culties

collected in stage 2 (n = 30).

In the case of GenAI systems with a zero- shot prompt, the average
success rate was 22.2% overall. The system with the highest perform‐ 
ance was NotionAI with 25.6%, and the lowest score was noted for
ChatGPT this time, with 20% (virtu ally a tie with Gaby- T, which
scored 21.1%), as shown in Table 18�

49

When consid ering the compar able sub- set alone, we observed a
higher average success rate for NMT with 44.4%. Bing displayed the
top perform ance with 50%, DeepL came second with 43.3%, and
GoogleT was third on the podium with 40%, as shown in Table 19�
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Table 20. Total counts and percent ages of “pass” (Y) or “fail” (N) per GenAI system with
zero- shot prompt. All segments in the compar able sub- set from chapters on both syntactic

and lexical diffi culties collected in stage 2 (n = 30).

Table 21. Total counts and percent ages of “pass” (Y) or “fail” (N) per GenAI system with a
few- shot prompt. All segments in the compar able sub- set from chapters on both syntactic

and lexical diffi culties collected in stage 2 (n = 30).

Overall, and when looking only at the compar able sub- set, GenAI
systems with a zero- shot prompt performed less well than NMT, with
NotionAI and ChatGPT tying at 23.3%, and ChatGPT displaying the
highest score with 26.7%, as shown in Table  20 below. The average
success rate was natur ally lower than for NMT as well (24.4%).

51

In contrast, as could be expected based on the previous separate
analyses, the numbers were much higher overall in the condi tion
with the few- shot prompts. This time, consid ering only the compar‐ 
able sub- set across all 30  chapters, the average success rate was
60%, with NotionAI scoring the lowest (50%). Gaby- T placed second
with 60%. Finally, ChatGPT displayed the highest percentage: 70%, as
shown in Table 21�

52

Based on the data, it can be concluded that while both system types
demon strate overall better perform ance with segments involving
lexical chal lenges compared to syntactic ones, notable vari ations
emerge when looking at the grand totals. For instance, in certain
cases, a specific NMT system may occa sion ally equal (or even tu ally
outper form) a specific GenAI system in the few- shot-prompt condi‐ 
tion (for example, Bing scoring 50% [Table  19] and NotionAI with a
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Table 22. Total counts of chapters on syntactic diffi culties where all systems passed (Y) or
failed (N) the test for all three segments trans lated in both stages.

few- shot prompt also scoring 50% [Table 21]). However, this trend is
not consistent across all cases, suggesting that specific system char‐ 
ac ter istics may lend them selves better to partic ular types of diffi‐ 
culties. These patterns will be explored in more depth in the
following discussion.

Instances where all systems passed or failed
the test

When marking the data, we also observed cases  where all systems
would fail or pass the test  for all segments analyzed from specific
chapters. We indic ated this in the spread sheets with all the markups
and then proceeded to create separate tables for the total counts of
instances of all systems failing or passing, per chapter (rows) and per
type of system and condi tion (columns).

54

In Table 22 below, for instance, which displays data on the syntactic
diffi culties, we can observe that: 1)  the different system types have
more instances of “all fail” than “all pass”, in both stages of the exper i‐ 
ment, 2) NMT systems perform better than GenAI with a zero- shot
prompt, and 3) there was only one instance of a system that passed
the test for all three segments trans lated (namely, Objectif 50, which
deals with the diffi culty of trans lating “on… basis”). We also noted
that  for Objectifs  55 (“Disjonc tions  exclusives”), 57  (“Struc‐ 
tures  résultatives”) and 61  (“Voix  passive”), specific ally, all systems
failed the test at both stages of the exper i ment. (This obser va tion for
specific chapters is not seen in the total- count tables 21 through 24
but are high lighted in our data.)
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In the case of the chapters on lexical diffi culties, which were only
dealt with in stage  2 (see Table  23), we observed again that GenAI

56
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Table 23. Total counts of chapters on lexical diffi culties where all systems passed (Y) or
failed (N) the test for all three segments trans lated in stage 2.

systems have more instances of “all fail” than NMT. In this case, only
one instance of “all pass” per system type was noted,  namely
Objectif 33 (“Corporate”) for NMT, and Objectif 37 (“Issue, to issue”) for
GenAI. Lastly, there were two specific chapters where all systems
failed: 31 (“Chal lenge, chal len ging, to chal lenge") and 41 (“Problem”).
For the latter, for instance, all six systems trans lated as  “problème”
the word “problem” in the three selected segments, e.g., segment #1�
“It is true that I have a problem with hearing. I have had it since I was
a baby” trans lated by ChatGPT as  “Il est vrai que j'ai un problème
d'audi tion. Je l'ai depuis que je suis bébé,” which is precisely the “meth‐ 
od o lo gical error” (Delisle, Fiola, 2013a: 616) that the reasoned trans la‐ 
tion method deplores – not to mention other mistrans la tions
(e.g.,  “depuis que je suis bébé”) which were beyond the scope of this
study. In the text book, the following reasoned trans la tion is
suggested in French: “Il est vrai que je souffre de déficience auditive, et
cela depuis ma tendre enfance.”

To include the few- shot-prompt condi tion in this analysis as well, we
proceeded with the total count, but instead of consid ering all three
segments per chapter, only the compar able sub- set. Once again, we
observed in the case of syntactic diffi culties that NMT systems
performed better than GenAI in the zero- shot-prompt condi tion.
However, as shown in Table 24 below, GenAI performed much better
with few- shot prompts: not only were there fewer instances of “all
fail”, but there were also more instances of “all pass”. In this spread‐ 
sheet, we also noted “all- fail” cases  for Objectifs  48 (“Compar‐ 
atifs  elliptiques”), 55  (“Disjonc tions  exclusives”) and 60  (“Parti cipes
présents, gérondifs et rapports  logiques”), and one “all- pass”  case:
Objectif 58 (“Verbes de progres sion, verbes d’aboutissement”).
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Table 24. Total counts of chapters on syntactic diffi culties where all systems passed (Y) or
failed (N) the test only for the compar able sub- set trans lated in both stages.

Table 25: Total counts of chapters on lexical diffi culties where all systems passed (Y) or
failed (N) the test only for the compar able sub- set trans lated in stage 2.

Lastly, in the case of the lexical diffi culties, and looking at the
compar able sub- set only for the three condi tions, the trend was
repeated: there were more instances of all failing for GenAI with
zero- shot prompts than for NMT (which points to the fact that a
prompt as simple as “Trans late the following text into [language]” is
not enough), but a much higher success rate for GenAI with the few- 
shot prompt, with only two instances of “all fail” compared to eight
instances of “all pass” (out of 15), as shown in Table  25 below.
Contrast ively, in this case, we noted that there was no instance of a
specific chapter in which all systems failed across condi tions, and
three in which all passed: 33 (“Corporate”), 36 (“To involve”) and 37
(“Issue, to issue”).

58

The insights gleaned from our exper i ments and the compre hensive
quant it ative data analysis presented in the previous sections led us to
reflect on the poten tial of what we may call “advanced prompt engin‐ 
eering” as a prom ising area of research in trans la tion tech no logy and
pedagogy. This inquiry will be addressed briefly in the next section
before offering concluding thoughts on this study.
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Should prompt engin eering be integ ‐
rated into trans lator training?
The use of prompts to perform natural- language commu nic a tion
tasks has become a subject of schol arly inquiry, including in trans la‐ 
tion (Castilho et al., 2023; Yamada, 2023). In part, our study endeav‐ 
oured to examine the impact of prompts on machines’ ability to
“reason” in trans la tion; in other words, if machines can be “told”, like
human students, what the dos and don’ts are in trans la tion and
explained why, with examples. We sought to elucidate whether the
provi sion of few- shot prompts led to improve ments in trans la tion
quality (yet, only when trans lating short sentences or isol ated
segments, removed from their context; more on this in
the conclusion).

60

As discussed above, from the pilot explor a tions to the main exper i‐
ment, a notable enhance ment in the overall perform ance of GenAI
systems was evid enced when the systems were provided with few- 
shot prompts, signi fying the poten tial of such human- expert inter‐ 
ven tions to augment AI- driven trans la tion capab il ities. Our Delisle- 
inspired prompts imparted examples, contex tual cues and instruc‐ 
tional guid ance to AI models, thereby facil it ating the produc tion of
trans la tions that exhibit human like reas oning compared to
unprompted coun ter parts. In contrast, we must acknow ledge the
complexity of prompt engin eering, partic u larly concerning the
pursuit of the discourse- analysis object ives espoused by Delisle and
other TS scholars. While our few- shot prompts yielded improve‐ 
ments in trans la tion quality, the process of crafting such prompts
proved to be labour- intensive and time- consuming. Further more,
despite the enhanced perform ance demon strated by few- shot-
prompt-engineered trans la tions in our main exper i ment, they did not
seem to fully adhere to the prin ciples of the reasoned- translation
method as delin eated by Delisle, his collab or ators, and others. In
other words, the fact that a specific segment passed the test when
trans lated using the few- shot prompt did not mean that it was flaw‐
less, and there may have been other issues that are also dealt with in
the text book, in other chapters included or not in this study; issues
that a prop erly trained trans lator – with the reflex to reason – would
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Figure 7. An example of a segment trans lated by ChatGPT, NotionAI and Gaby- T under the
few- shot-prompt condi tion, in December 2023. The segment is taken from

Objectif 42 (“System”).

have iden ti fied and fixed – or avoided in the first place. An example is
provided in Figure  7 below, which illus trates a segment  from
Objectif 42, which deals with the diffi culty of trans lating the lexical
unit “system”, All NMT tools failed the test because they all trans lated
“system” by “système”, as the GenAI also did with a simple zero- shot
prompt. In contrast, with the advanced few- shot prompt, only
ChatGPT passed the test in that it processed the inform a tion about
why a reasoned trans la tion is needed when trans lating “system”,
avoiding  “système”. Yet, the trans lated segment contains other signs
of “unreasoned” trans la tion, such as failing to provide a more precise
word or term (some thing that is extens ively discussed in the text‐ 
book, partic u larly  in Objectif  29 “Mot  juste”, which was out of the
scope of this study) in lieu of “dispos i tifs de stockage”, and also trans‐ 
lating “problem” as  “problème”, a diffi culty dealt with  in Objectif  41,
included in this study and exem pli fied above. The reasoned trans la‐ 
tion proposed by Delisle and Fiola (2013b: 177) considers all
that:  “Dans les silos autres que ceux de la ferme, les insectes sont la
source de graves ennuis.”

The corpus compiled in this study remains a fertile ground for
further analyses, for example, with the parti cip a tion of several human
eval u ators such as trans lator trainers in an effort to object ivize the
analysis and, together, revisit the notion of “reasoned trans la tion” in
the AI era. We also believe that the meth od o logy of this study is
replic able for future research to augment the corpus and perform
much deeper analyses to draw stronger conclu sions in this vein. A
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follow- up study could also consider collecting the data again, using
the same segments, the same prompts and the same systems, but
using the latest versions of the latter. Our study used the freely avail‐ 
able ChatGPT 3.5 in both June 2023 and December 2023. Since then, a
paid subscrip tion and more advanced versions of the models have
been intro duced. As of this writing, the latest version of ChatGPT is
“o1 pro mode”, avail able to Pro subscribers: how would its perform‐ 
ance differ from the discon tinued 3.5? The models running the
subscription- based NotionAI and the freely avail able Gaby- T may
have also evolved since 2023 and may yield different results in a
new study.

The ques tion of whether to prompt or not to prompt (Yang and
Nabity- Grover, 2024) deserves atten tion in TS. While prompts hold
promise in enhan cing the perform ance of GenAI systems in trans la‐ 
tion tasks, partic u larly when equipped with compre hensive guid ance
akin to advanced “few- shot prompts” based on discourse analysis
theory, their efficacy remains to be invest ig ated. It is also worth
keeping in mind that while NMT is specific ally designed for trans la‐ 
tion, GenAI is only used incid ent ally as a trans la tion tool. In what way
does the systems’ primary purpose impact their poten tial trajectory
as useful tools for trans la tion? In other words, does the fact that MS
Bing, GoogleT and DeepL were developed purposely to translate make
them more useful than GenAI systems for language profes sionals
such as trans lators and post- editors? As AI “copi lots” are used for
more and more applic a tions, can we envi sion a future applic a tion
where the human trans lator creates prompts for NMT engines so that
these already powerful translation- specific tools produce
reasoned translations?

63

For the time being, given the still- evident limit a tions of prompt- 
engineered trans la tions in replic ating the analyt ical and inter pretive
capa cities of prop erly trained human trans lators, as observed in this
study, this author believes that it may be prudent to prior itize
continued invest ment in the training of human trans lators—and the
training of trainers. Future research may also build upon the devel op‐ 
ment of pedago gical mater ials such  as La traduc tion  raisonnée and
similar resources in different formats (e- books, digital- learning
resources) that cater to different language combin a tions and reflect
real- world trans la tion and inter cul tural commu nic a tion situations.
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Conclusion
The explor a tion of the “Reasoned Trans la tion” approach in the
context of contem porary AI- based trans la tion systems presents
intriguing insights into the evolving natural language processing
land scape. Jean Delisle’s seminal  work, La traduc tion  raisonnée,
advoc ates for a trans la tion approach rooted in reas oning—an
attribute tradi tion ally asso ci ated with human trans lators. As we
assess the capab il ities of NMT and GenAI models through the lens of
Delisle’s theory, we confront funda mental ques tions about the nature
of trans la tion and the role of human intel li gence in linguistic tasks
(e.g., the intel li gence that is required to perform discourse analysis).
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In an inter view with the  Swiss Neue Zürcher  Zeitung news paper,
French AI expert François Chollet argues that “invest ments in gener‐ 
ative AI are based on false prom ises […] and [that] the money being
thrown their way could be put to better use” (cited in Fulterer, 2024).
He explains that:
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Humans learn from data, abso lutely. But not like LLMs […]. Humans
have a memory, they store inform a tion, but they also do much more
with their brains. In partic ular, they can adapt to new situ ations, they
can make sense of things they’ve never seen before. That’s
intel li gence. The world is complex and ever chan ging, and full of
novelty. Which is why you need general intel li gence to operate in
this world, as a human. Mean while, LLMs don’t have intel li gence.
Instead, they have memory. They have stored online data and can
call up facts and patterns. But they don’t under stand things that are
different from what they have learned. [An LLM] has memor ized
hundreds of thou sands or millions of times more things than you,
and yet you can handle more new situ ations—because you can adapt
on the fly. LLMs have way more memory, but only a frac tion of your
capab il ities. (ibid.)

Our invest ig a tion into the trans la tion capab il ities of the LLMs that
run the GenAI systems tested high lights both the promise and the
limit a tions of AI- driven trans la tion tech no lo gies, as well as the need
for more research on translation- task-specific “advanced prompt
engin eering”, and how such tools and topics ought to be included in
translator- training programs. While NMT and GenAI systems
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continue to demon strate remark able progress in hand ling trans la tion
tasks, they often fail in replic ating the depth of reas oning char ac ter‐ 
istic of trained human trans lators. The integ ra tion of AI into trans la‐ 
tion prac tice neces sit ates a deeper exam in a tion of how human like
reas oning can be instilled within these systems, moving beyond
surface- level language gener a tion towards a more compre hensive
under standing of semantic and cultural nuances. As we navigate this
inter sec tion of tradi tion and innov a tion, the concept of “reasoned
trans la tion”, which in the case of English- to-French trans la tion
needed a doctoral- thesis-inspired text book of no fewer than
716 pages and 75 chapters, serves as a guiding prin ciple for shaping
the future of trans lator training and trans la tion tech no lo gies, and
advan cing our under standing of compu ta tional systems’
linguistic competence.

While our study examined compar ative perform ance of NMT and
GenAI systems in trans lating indi vidual sentences, it is essen tial to
acknow ledge the inherent limit a tion of eval u ating machine- 
generated trans la tions solely at the sentence level (Castilho, 2020).
Our find ings under score the imper ative for future invest ig a tions to
expand the scope of analysis beyond isol ated segments to provide a
more compre hensive under standing of these systems’ ability to
reason  “à la  Delisle” when trans lating entire texts, as well as their
limit a tions in real- world trans la tion scen arios. As a matter of fact,
tradi tion ally, in machine- translation research, auto matic meas ures of
trans la tion quality have focused on sentence- level rather than
document- level analyses. However, recent efforts have been made to
address this limit a tion.  Castilho et  al. (2023), for instance, tested
different NMT systems and ChatGPT using a test suite to determine if
providing solu tions to context- related issues could enhance the
systems’ ability to deliver good- quality trans la tions. The researchers
conducted a small- scale manual analysis to assess the accuracy and
fluency of trans la tions and offered valu able insights into the choices
made by these systems. They state that:
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although LLMs are the new hype in the AI world, further
invest ig a tion on their trans la tion capab il ities is neces sary. Future
work should focus on more context- related issues […] and also
expanding the context span to verify whether that can have an effect
on the trans la tion output. (ibid.)
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Our main exper i ment sheds light on machines’ perform ance when
trans lating isol ated English segments into French. However, to truly
grasp these systems’ poten tial and limit a tions in real- world trans la‐ 
tion scen arios, future work should expand the scope of analysis to
encom pass entire texts (as suggested with our first pilot exper i ment
presented in this paper) and include human parti cipants: from
students and profes sionals performing reasoned- translation tasks, to
human eval u ators assessing the quality of the trans la tions performed
by students, profes sionals, NMT and GenAI. It should also be mindful
of the trans lator exper i ence, that is, the “trans lator’s percep tions of
and responses to the use or anti cip ated use of a product, system or
service” (Zapata, 2016� 16). Lastly, future research efforts should also
be consid erate of the envir on mental impact of devel oping and using
AI tools and, when integ rated into trans lator training curricula, also
promote crit ical thinking among students regarding the ethical and
respons ible use of AI- based tech no lo gies, promoting “life cycle
thinking in the service of a trans ition to a sustain able society”
(CIRAIG, 2022). In the words of Moorkens (2023):
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A concern is that hype and too little concern about ethics and
sustain ab ility will lead to the use of AI tools in inap pro priate
circum stances. Literacy about how they work and the data that
drives them will be increas ingly important.

This broader perspective will enable a more crit ical and compre‐ 
hensive under standing of how tech no lo gies func tion and how
they can truly serve as tools in prac tical contexts. By adopting such a
holistic approach, researchers and developers can advance the
deploy ment of tools with greater efficacy. And as these tech no lo gies
continue to evolve, the need for skilled human trans lators will remain
crucial, as it has been for thou sands of years. University- level trans‐ 
lator training will continue to be essen tial in the fore see able future,
as well as any other form of continued profes sional devel op ment
training that encour ages trainees to adopt an attentive mindset that
resists short cuts, ulti mately leading to a more thoughtful and
effective trans la tion process, and to preserving the idio matic char‐ 
acter of the target language. In a world with more than 7,000
languages spoken and used, and increas ingly easier access to inform‐ 
a tion and commu nic a tion tech no lo gies for all, further investing in the
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English
This paper reports on a 2- stage exper i ment aimed at assessing machines’
ability to “reason” in trans la tion The exper i ment was built around Jean
Delisle’s pedagogy textbook La traduc tion raisonnée which has been used in
English- French trans lator training for more than 40  years, in Canada and
around the world. We put Bing Trans lator, Google Trans late and DeepL –
neural machine trans la tion systems  – as well as ChatGPT, NotionAI and
Gaby- T – gener ative AI systems – to the test, using a selec tion of examples
taken from the text book and analyzing the results consid ering the back‐ 
ground inform a tion and explan a tions provided, more specific ally in the
30  chapters from where the examples were taken. In this paper, we first
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explore what inspired Delisle’s work and what he means by “reasoned trans‐ 
la tion”. Then, we focus on presenting the meth od o logy and the results of
our two pilot main exper i ments. Lastly, we offer some insights into poten‐ 
tial future research avenues in trans lator training and beyond.

Français
La traduc tion raisonnée est le titre que le traduc to logue Jean  Delisle a
donné à son célèbre manuel de péda gogie, utilisé depuis 40  ans dans la
forma tion des traduc teurs anglais- français au Canada et dans le monde
entier. Ce titre résume bien la prémisse du manuel : un traduc teur (humain)
bien formé a la capa cité de raisonner  ; une bonne traduc tion en est une
raisonnée. Paru en 1993, le manuel a été réédité tous les dix ans; pour les
deuxième et troi sième éditions, Delisle a recruté d’autres forma teurs et
cher cheurs en tant que conseillers, co- auteurs ou auteurs uniques de
certains objec tifs (des chapitres portant sur une diffi culté ou un sujet parti‐ 
cu lier). Aujourd’hui, plus de dix  ans après la publi ca tion de la troi sième et
dernière édition, le manuel mérite une relec ture à l’ère de la traduc tion
auto ma tique neuro nale (TAN) et de l’intel li gence arti fi cielle (IA) afin de
mettre en pers pec tive la notion de « traduc tion raisonnée ».
Ces dernières années, le domaine du trai te ment auto ma tique des langues
connaît des progrès fulgu rants, prin ci pa le ment attri buables à l’émer gence
de grands modèles de langage tels que les modèles de trans for ma teurs
géné ra tifs pré- entraînés, commu né ment appelés « IA géné ra tive ». Ces
modèles, entraînés sur de vastes quan tités de données textuelles, suscitent
un certain engoue ment en raison de leur capa cité à générer du texte en
quelques secondes sur la base de requêtes de l’utili sa teur, en plus de leurs
capa cités conver sa tion nelles. Cette percée a entraîné une nouvelle vague de
recherches en linguis tique infor ma tique et dans des domaines connexes,
notam ment pour explorer les moyens d’affiner ces modèles dans le cadre de
tâches spéci fiques comme la traduc tion et l’évalua tion des traductions.
Cela dit, les programmes de TAN et d’IA géné ra tive peuvent- ils passer ce
que nous appe lons le « test de Delisle » ? En d’autres termes, montrent- ils
des signes d’une capa cité à raisonner, comme le font d’ailleurs les traduc‐ 
teurs humains adéqua te ment formés lorsqu’ils traduisent de l’anglais vers le
fran çais ? Pour le décou vrir, nous avons mis à l’épreuve des programmes de
TAN (MS Bing Trans lator, Google Trans late et DeepL) et d’IA géné ra tive
(ChatGPT, NotionAI et Gaby- T) en utili sant une sélec tion d’exemples tirés de
30 objec tifs de la troi sième édition de La traduc tion raisonnée et en analy‐ 
sant les résul tats à la lumière des expli ca tions four nies dans le manuel. Ces
outils produisent- ils des traduc tions « raison nées » ? En quoi cette capa cité
ou inca pa cité se répercutera- t-elle sur la péda gogie de la traduc tion à
l’avenir ?
Dans son manuel, Delisle suggère qu’apprendre à traduire, c’est apprendre à
aborder un texte de manière « raisonnée », c’est- à-dire à décou vrir progres‐ 
si ve ment tous les éléments qui inter viennent dans le trans fert inter lin guis‐ 
tique. Il rappelle égale ment à l’appre nant que le manuel ne doit pas être
utilisé comme un livre de recettes. Les exemples ou les modèles de phrases
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ou de textes traduits de l’anglais au fran çais fournis tout au long de
l’ouvrage ne sont pas les seules traduc tions accep tables : ils servent plutôt à
montrer que les solu tions à tout problème de traduc tion sont multiples et
dépendent toujours du contexte.
Les travaux de doctorat de Delisle, qui ont mené à la première édition de La
traduc tion raisonnée, prônaient l’« analyse du discours comme méthode de
traduc tion » ; ils mettaient l’accent sur la complexité des méca nismes intel‐ 
lec tuels impli qués en traduc tion. L’analyse du discours appli quée à la
traduc tion est parti cu liè re ment utile lorsqu’il s’agit de textes complexes qui
néces sitent une compré hen sion nuancée des inten tions de l’auteur original.
En exami nant le discours qui entoure le texte, les traduc teurs peuvent
repérer les stra té gies rhéto riques, les réfé rences cultu relles et les grands
thèmes essen tiels à l’inter pré ta tion du texte original et à l’objec ti va tion de la
traduc tion. Pour définir l’analyse du discours, Phil lips et Hardy expliquent
que les discours sont « maté ria lisés et mis en œuvre dans une variété de
textes » (2002  : 4, notre traduc tion) aux formes diverses (langue écrite ou
parlée, images, symboles, arte facts, etc.). Ils ajoutent que les textes ne
revêtent aucun sens consi dérés isolé ment  : le sens émerge plutôt de leur
inter re la tion avec d’autres textes, des diffé rents discours sur lesquels ils
reposent et de la nature de leur produc tion, de leur diffu sion et de leur
consom ma tion. D’après ces auteurs, l’analyse du discours consiste à
explorer la manière dont ces processus font émerger le sens des textes et
comment cette produc tion de sens contribue à construire la réalité sociale.
L’analyse du discours s’inté resse donc aux effets construc tifs du discours à
travers l’étude struc turée et systé ma tique des textes (ibid.).
Sans surprise, l’analyse du discours est prati quée depuis des décen nies par
des traduc to logues comme Delisle et d’autres (par exemple, Brisset, 2010 ;
Munday et Zhang, 2017 ; Schäffner, 2004 ; Zhang et al., 2015), car la traduc to‐ 
logie ne peut que s’enri chir d’une étude struc turée et systé ma tique des
textes. L’analyse du discours a mis en évidence les facteurs contex tuels, les
carac té ris tiques linguis tiques, la prag ma tique, l’inter tex tua lité, l’idéo logie et
les rela tions de pouvoir, ainsi que les commu nautés discur sives comme
autant de pistes à suivre pour objec tiver le processus de traduc tion. En
appli quant l’analyse du discours à l’acte de traduire, les langa giers peuvent
cerner des stra té gies pour produire des textes de qualité dans la langue
d’arrivée — une capa cité que Delisle cherche à incul quer aux traduc teurs en
forma tion qui étudient atten ti ve ment La traduc tion raisonnée. Cette
méthode de traduc tion raisonnée vise donc à cultiver chez les traduc teurs
en herbe un réflexe menant à une approche conscien cieuse de la traduc tion
qui privi légie l’analyse du discours et met en garde contre les raccourcis
(calques syntaxiques ou lexi caux, choix du premier mot équi valent fourni
par un diction naire bilingue, etc.). Les traduc teurs formés raison ne ront
pour comprendre le message et le refor muler de manière idio ma tique dans
la langue d’arrivée (en l’occur rence, le fran çais) tout en utili sant la termi no‐ 
logie appro priée. À terme, ils contri bue ront à préserver la struc ture et le
style propres à la langue, ainsi que la richesse de son voca bu laire. En bref,
La traduc tion raisonnée encou rage les appre nants à raisonner lorsqu’ils
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traduisent, c’est- à-dire à adopter un état d’esprit attentif qui résiste aux
raccourcis et qui mène à des textes réflé chis (Delisle et Fiola, 2013a : 422).
Durant la phase initiale de cette étude, nous avons mené deux expé riences
pilotes. Pour la première, nous avons testé deux outils de diffé rents types,
DeepL et ChatGPT, en leur faisant traduire un texte de 230  mots. Pour
ChatGPT, nous avons utilisé la requête « Traduisez le texte suivant en fran‐ 
çais : [texte en anglais] ». Le texte a été tiré de l’Objectif 73 — Réseaux lexi‐ 
caux de la troi sième édition du manuel (Delisle et Fiola, 2013a). Les auteurs
ont emprunté l’exemple et l’analyse de cet objectif au linguiste et traduc teur
Maurice Pergnier, qui explique la notion de champs séman tiques et pour‐ 
quoi un même mot (soit land dans le cas analysé) répété huit fois en anglais
ne peut pas être traduit huit fois par le même mot en fran çais. Delisle et
Fiola soutiennent que le traduc teur commet trait une erreur métho do lo‐ 
gique s’il limi tait la traduc tion de ce mot à un seul équi valent, voire aux
équi va lents fournis par les diction naires bilingues. Ils concluent que les
unités linguis tiques n’ont pas simple ment une valeur de langue, mais plutôt
une valeur de discours. Ce n’est que grâce à l’analyse du discours qu’on
arrive, dans ce cas, à un mot précis dans la traduc tion fran çaise pour
chaque occur rence du mot land. Les deux systèmes ont échoué au « test de
Delisle », car ils ont traduit systé ma ti que ment les huit occur rences de land
par « terre » ou « terres » au lieu d’utiliser d’autres termes plus précis qui
convien draient mieux dans cinq des huit occurrences.
La deuxième expé rience pilote consis tait à rédiger une requête destinée aux
programmes d’IA géné ra tive. La requête donnait à l’outil des exemples tirés
de l’Objectif 30, consacré à la diffi culté de traduire le mot avai lable  : deux
segments en anglais et les exemples de traduc tions fran çaises corres pon‐ 
dantes du manuel. Dans le cadre de cette expé rience, nous voulions
converser en fran çais avec l’outil et lui demander d’expli quer, d’après les
deux exemples fournis, la stra tégie employée par le traduc teur et la raison
de son choix. Après ce test, nous avons formulé une deuxième requête en
utili sant les deux mêmes exemples, mais en deman dant cette fois à l’outil de
tenir compte des deux exemples fournis pour traduire un troi sième
segment qui conte nait la même diffi culté d’ordre lexical, avai lable. Les
réponses de l’outil présen taient des signes indi ca teurs d’un « raison ne‐ 
ment » (ou une bonne imita tion de celui- ci) comme le travail d’un traduc‐ 
teur adéqua te ment formé. Ces premières obser va tions nous ont amenés à la
concep tion d’une expé rience formelle.
L’expé rience prin ci pale a été menée en deux étapes, en juin et en
décembre  2023. À la première étape, nous avons compilé un corpus
composé de segments en anglais extraits de 15  objec tifs de la section du
manuel consa crée aux diffi cultés d’ordre syntaxique. Nous avons utilisé des
textes plus courts que dans la première expé rience pilote. Nous avons
extrait au hasard trois segments anglais par objectif, pour un total de  45.
Chaque segment a été traduit à l’aide des six outils sélec tionnés. Pour
chacun des 45 segments en anglais, nous dispo sions donc de six traduc tions
en fran çais géné rées de façon auto ma tique; trois produites par la TAN et
trois par l’IA géné ra tive. Bien entendu, aucune requête n’a été utilisée lors



Reasoned Translation: Putting Neural Machine Translation and Generative Artificial Intelligence
Systems to the “Delisle Test”

de la traduc tion à l’aide des outils de TAN. Dans le cas des outils d’IA géné‐ 
ra tive, la requête était simple  : « Traduisez le texte suivant en fran çais  :
[segment en anglais] ». Pour la deuxième étape de l’expé rience, nous avons
répété l’opéra tion avec 15 autres objec tifs du manuel, cette fois tirés de la
section consa crée aux diffi cultés d’ordre lexical. Ainsi, nous avons compilé
un total de 90 segments, tous traduits six fois.
Ensuite, nous avons formulé 30 « super- requêtes », une par objectif étudié
et inclus dans l’expé rience, en suivant le modèle de la deuxième expé rience
pilote. Nous avions déjà extrait trois segments en anglais de chaque objectif.
Les deux premiers, ainsi que leur traduc tion en fran çais fournie dans le
manuel, ont servi d’exemples à partir desquels le programme devait « 
apprendre ». En outre, pour fournir un contexte étoffé à l’IA, nous avons
résumé le contenu de l’objectif dans un para graphe de 100 à 150 mots pour
chaque super- requête. Il s’agis sait de résumer le « raison ne ment » du
traduc teur, tel qu’expliqué dans le manuel, lors de la traduc tion des deux
segments, de fournir des expli ca tions supplé men taires, puis de terminer la
requête en deman dant au système de traduire une troi sième phrase, tout en
lui rappe lant quoi faire ou ne pas faire, soit la condi tion à respecter pour
produire une traduc tion « raisonnée ». Dans le corpus, nous avons égale‐ 
ment inclus les segments traduits à l’aide des « super- requêtes » au cours
des deux phases de l’expé rience. Au total, nous avions 585  segments à
analyser à la deuxième phase. Une fois le corpus compilé, nous sommes
passés à l’évalua tion des outils de TAN et d’IA géné ra tive pour déter miner
s’ils avaient réussi le « test de Delisle » en tradui sant chaque segment.
Lors de l’analyse des données, nous avons indiqué « réussi » lorsque la
traduc tion d’un segment avait l’appa rence d’une traduc tion « raisonnée »,
c’est- à-dire qu’elle évitait le calque syntaxique ou lexical fréquent chez les
traduc teurs sans forma tion adéquate (et critiqué par la méthode de Delisle)
avec une propo si tion semblable à celle d’un traduc teur humain bien formé.
Souli gnons que, dans notre expé rience, le fait de « réussir le test » ne signi‐ 
fiait pas néces sai re ment que la traduc tion était parfaite. Notre analyse ne
portait que sur le mot ou la struc ture syntaxique traitée dans chacun des
objec tifs, mais nous avons relevé, y compris dans certains segments ayant
passé le test, d’autres types de tour nures criti quables selon la méthode de la
traduc tion raisonnée ou qu’un évalua teur humain aurait reje tées. Dans
l’ensemble, nous avons observé que les deux types d’outils à l’essai (la TAN et
l’IA géné ra tive) four nis saient de meilleurs résul tats pour les segments tirés
des objec tifs sur les diffi cultés d’ordre lexical que pour ceux des diffi cultés
d’ordre syntaxique, en parti cu lier dans les cas d’essai avec la super- requête.
Cepen dant, d’impor tantes varia tions émer geaient d’une analyse des totaux
géné raux  : par exemple, dans certains cas, la traduc tion de tous les
segments d’un même objectif réus sis sait ou non le test selon le type d’outil.
L’analyse des données expé ri men tales nous a menés à une réflexion sur le
poten tiel de ce que nous propo sons d’appeler la « rédac tique avancée » (en
anglais, advanced prompt engi nee ring), sujet de recherche promet teur en
traduc tique, en péda gogie de la traduc tion et d’autres domaines. Cette
forme de rédac tique (prompt engi nee ring) se penche rait sur l’utili sa tion de
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requêtes avan cées (en faisant appel à des few- shot prompts, c'est- à-dire
des requêtes assor ties d'exemples et de démons tra tions) pour effec tuer des
tâches langa gières, y compris traduire. Notre étude visait en partie à
examiner l’inci dence des requêtes sur la capa cité des machines à « 
raisonner » en traduc tion. Nous voulions déter miner s’il est possible,
comme on le fait d’ailleurs pour les appre nants humains, de « dire » aux
machines quoi faire ou ne pas faire en traduc tion et de leur expli quer pour‐ 
quoi à l’aide d’exemples. Des phases explo ra toires à l’expé rience prin ci pale,
nous avons constaté une amélio ra tion notable de la perfor mance globale
des programmes d’IA géné ra tive lorsqu’ils rece vaient les super- requêtes, ce
qui indique le poten tiel de l’exper tise humaine appli quée à l’augmen ta tion
des capa cités de traduc tion pilo tées par l’IA. Ces super- requêtes ont fourni
aux modèles d’IA quelques exemples, des indices contex tuels et des instruc‐ 
tions pour faci liter la produc tion de traduc tions qui présen taient un raison‐ 
ne ment compa rable à celui de traduc teurs humains. En revanche, nous
devons recon naître la complexité inhé rente à la rédac tique, notam ment en
ce qui concerne la pour suite des objec tifs de l’analyse du discours prônés
par Delisle et d’autres traduc to logues. Bien que nos requêtes avan cées aient
permis d’améliorer la perfor mance des outils à l’essai, leur processus
d’élabo ra tion s’est avéré labo rieux et chro no phage. Malgré certaines amélio‐ 
ra tions, les traduc tions géné rées à l’aide de requêtes avan cées dans notre
étude ne semblaient pas adhérer plei ne ment aux prin cipes de la méthode
de la traduc tion raisonnée promue par Delisle, ses colla bo ra teurs et d’autres
cher cheurs. En effet, même si un segment donné « réus sis sait le test » grâce
à la requête avancée, il conte nait parfois d’autres types d’erreurs trai tées
dans le manuel : des fautes de langue ou de trans fert qui auraient été repé‐ 
rées, corri gées, voire complè te ment évitées par un traduc teur adéqua te‐ 
ment formé, c’est- à-dire ayant acquis le réflexe de raisonner en traduisant.
L’intérêt de recourir aux requêtes avan cées mérite d’autres études en
traduc to logie. Si les requêtes semblent promet teuses pour améliorer la
perfor mance des outils d’IA géné ra tive en traduc tion, leur effi ca cité n’a pas
été évaluée. Pour l’instant, étant donné les limites mani festes des traduc‐ 
tions géné rées à partir de requêtes dans le but de repro duire les capa cités
d’analyse et d’inter pré ta tion de traduc teurs humains bien formés, nous esti‐ 
mons qu’il demeure préfé rable d’investir en prio rité dans la forma tion des
traduc teurs humains — et dans celle de leurs forma teurs. La recherche
pour rait égale ment favo riser la concep tion de ressources péda go giques
semblables à La traduc tion raisonnée offertes sur diffé rents supports (livres
élec tro niques, plate formes d’appren tis sage numé riques, etc.) et adap tées à
diffé rentes combi nai sons de langues et aux situa tions réelles de traduc tion
et de commu ni ca tion interculturelle.
En conclu sion, l’explo ra tion de l’approche de la « traduc tion raisonnée »
dans le contexte des outils de traduc tion contem po rains basés sur l’IA offre
de fasci nantes pers pec tives dans le paysage évolutif du trai te ment auto ma‐ 
tique des langues. En péda gogie de la traduc tion, l’œuvre pion nière de Jean
Delisle préco nise une méthode fondée sur le raison ne ment, attribut tradi‐ 
tion nel le ment associé aux traduc teurs humains. L’évalua tion des capa cités
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des modèles de TAN et d’IA géné ra tive sous l’angle de la théorie de Delisle
nous confronte à des ques tions fonda men tales sur la nature de la traduc tion
et sur le rôle de l’intel li gence humaine dans l’accom plis se ment de tâches
linguis tiques (par exemple, l’intel li gence requise pour effec tuer l’analyse du
discours). Notre étude sur les capa cités de traduc tion de divers
programmes de TAN et d’IA géné ra tive met en évidence les promesses et les
limites des tech no lo gies de traduc tion pilo tées par l’IA, ainsi que la néces‐ 
sité de pour suivre les recherches sur la « rédac tique avancée ». Elle signale
égale ment l’intérêt d’inclure ces tech no lo gies et les sujets connexes dans les
programmes de forma tion des traduc teurs. Bien que l’IA continue de faire
des progrès remar quables, elle ne parvient souvent pas à repro duire la
profon deur de raison ne ment carac té ris tique des traduc teurs humains ayant
reçu une forma tion adéquate. Tout effort d’inté gra tion de l’IA dans la
pratique de la traduc tion néces site un examen appro fondi de la manière
dont on peut ensei gner le raison ne ment humain à ces outils  : comment
peuvent- ils dépasser une produc tion linguis tique super fi cielle pour arriver
à une compré hen sion élargie des nuances séman tiques et cultu relles? À
l’inter sec tion entre tradi tion et inno va tion, le concept de « traduc tion
raisonnée » sert de prin cipe direc teur pour façonner l’avenir de la péda‐ 
gogie et des tech no lo gies de la traduc tion, ainsi que pour faire progresser
notre compré hen sion des compé tences linguis tiques des machines. Malgré
le rôle accru des tech no lo gies en traduc tion, il existe toujours une demande
pour des traduc teurs humains. Dans un avenir proche, la forma tion univer‐ 
si taire des traduc teurs restera essen tielle, de même que les autres formes
de perfec tion ne ment profes sionnel continu inci tant les appre nants à
adopter un état d’esprit attentif qui résiste aux raccourcis, compor te ment
qui mène à un processus de traduc tion réfléchi et effi cace, ainsi qu’à la
préser va tion du carac tère idio ma tique de la langue d’arrivée.

Español
Este artículo presenta un expe ri mento en dos fases dise ñado para evaluar la
capa cidad de «razo na miento» de las máquinas en el contexto de la traduc‐ 
ción. El expe ri mento se basó en el  libro La traduc tion  raisonnée de Jean
Delisle, que se ha utili zado en la ense ñanza de la traduc ción inglés- francés
durante más de 40 años, en Canadá y otras partes del mundo. Pusimos a
prueba los sistemas de traduc ción auto má tica  neuronal Bing Trans lator,
Google  Translate y  DeepL, así como los sistemas de IA  generativa
ChatGPT,  NotionAI y  Gaby- T, usando segmentos extraídos de 30 de los
capí tulos del texto y anali zando los resul tados según las lecciones impar‐ 
tidas en los mismos. Primero anali zamos en qué se inspira el libro de Delisle
y qué se entiende por «traduc ción razo nada». Luego, presen tamos la meto‐ 
do logía y los resul tados de los expe ri mentos piloto y prin cipal. Por último,
suge rimos algunas pistas de inves ti ga ción, sobre todo en el campo de la
didác tica de la traducción.
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