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Abstract

Since 2023, translators for the Parliament
of Canada have had the option to use neu-
ral machine translation (NMT) technology
provided by the National Research Council
of Canada (NRC) to support their work in
translating parliamentary publications be-
tween French and English. We present our
analysis of an anonymized dataset of trans-
lators’ interactions with our Hawkeye MT
systems, collected since their introduction
and covering a period of 2.5 years. This
data provides a unique perspective on how
translators interact with the systems, how
their use evolved over time and how it im-
pacts the nature of their translations.

1 Introduction

As machine translation is becoming a standard
fixture in professional translators’ work environ-
ments, we see a growing literature on translator’s
changing work habits (do Carmo and Moorkens,
2022; O’Brien, 2024), attitudes towards tech-
nology (Nunes Vieira and Alonso, 2019; Guer-
berof Arenas, 2025), motivations for adoption and
non-adoption (Cadwell et al., 2018; Zaretskaya,
2015), etc. Such studies can be extremely rich in
details and serve a useful function in understand-
ing the impact of such a transformation of transla-
tion work environments on the professional prac-
tices and lives of translators. In most cases, how-
ever, these studies can only offer a snapshot of
this rapidly-evolving landscape at a given point in
time. We rarely have the opportunity to witness
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and document the transformation process itself, as
it is happening. This paper is about one such op-
portunity.

Since 2023, the National Research Council of
Canada (NRC) has been providing custom MT
technology to the Government of Canada’s Trans-
lation Bureau (TB), to assist the linguists of its par-
liamentary service in translating documents pub-
lished by the Parliament of Canada, most notably
the Hansard, i.e. the transcripts of the House of
Commons debates, in both of Canada’s official lan-
guages, French and English. The Hawkeye sys-
tems are neural machine translations (NMT) sys-
tems, created from Canadian parliamentary texts.
Parliamentary translators have access to a number
of MT tools, however Hawkeye is the only one
that is currently directly integrated into Prism, the
Parliament of Canada’s publication workflow man-
agement application, which is the translators’ main
work tool (O’Brien, 2002). No translation memory
tools are integrated into Prism. Unlike many work
environments where postediting MT is mandatory,
use of Hawkeye MT is optional: translators are ac-
tively encouraged to use it but translations are not
automatically pre-populated with MT and transla-
tors who want to use it have several user interface
options for inserting Hawkeye MT output into their
editing window.

Since the official deployment of the systems
in May 2023, user interactions with Prism and
Hawkeye have been systematically recorded. This
anonymized data offers us a unique view on how
translators interact with the systems and how their
use of Hawkeye MT evolved over time. Because
the data include the text of the translations at dif-
ferent stages—initial MT, translator’s draft and fi-
nal revised version—we also have a view of how
MT impacts the nature and quality of translators’



work (cf. shorter-term studies like Macken et al.
(2020)). In the following pages, we present our
analysis of over two and a half years of these user
interaction logs.!

We first analyze how the use of Hawkeye MT
globally evolved over time: we observe that, from
16% of texts when Hawkeye was first deployed
in May 2023, the use of the system climbed to
60% in December 2025. We then look at indi-
vidual (anonymous) translators’ work habits with
MT to see whether patterns of use emerge: we find
that while users are free to decide for each para-
graph whether or not to use Hawkeye, in practice,
they either use it all the time or not at all. Finally,
we examine how the use of Hawkeye affects the
translations themselves: we see that when transla-
tors chose to insert Hawkeye MT into their trans-
lation window, they produce translations that are
much more similar to the initial MT than those
who don’t. This suggests that Hawkeye indeed
provides a useful initial draft for those translators.

2 Hawkeye and Prism

The Hawkeye systems are neural machine trans-
lations (NMT) systems, trained exclusively with
Canadian parliamentary bilingual data. They are
based on the Sockeye NMT toolkit (Hieber et al.,
2022). Hawkeye systems are created and main-
tained for four different domains: House of Com-
mons debates, House of Commons committees,
Senate debates and Senate committees, but in this
work we only focus on House of Commons sys-
tems. Distinct systems are produced for English-
French and French-English translation. All sys-
tems for a given language direction are based on a
common system, trained from scratch on all avail-
able parliamentary data. Each domain-specific
system is then produced by fine-tuning this base
system using only the domain-specific data. Ta-
ble 1 summarizes the data used to produce the lat-
est updated systems, in December 2025. The sys-
tems are trained using all parliamentary texts in the
proprietary “House of Commons” XML format;
as a result, systems handle structured XML input,
producing translations with valid XML markup.
All systems are updated three times a year, by re-
creating the systems from scratch, using all data
available at that time. More details can be found in

The described study design was reviewed and approved by
the National Research Council of Canada’s Research Ethics
Board (NRC-REB #2024-22).

Words
Domain Segments  English  French
HoC Debates 77TM  135.3M  148.6M
HoC Committees 16.6M 227.1M 245.7TM
Sen. Debates 0.6 M 11.1M 12.5M
Sen. Committees 1.9M 29.6 M 32.4M
Total 26.8M 403.1M 439.3M

Table 1: Training data for Hawkeye systems (Dec. 2025).

Knowles et al. (2024) and Knowles et al. (2023).

Hawkeye systems are integrated into Prism
(O’Brien, 2002), the workflow application that
is the primary means of producing the Hansard
and other publications of the Canadian parliament.
Within this environment, linguists produce and
revise translations using a dedicated three-paned
user interface (UI) window: the left-hand pane is
used to select from a list of documents that have
been assigned to the translator or reviser, the mid-
dle pane displays the source-language text to be
translated, and the right-hand pane is used to edit
the target-language version. The source and target
texts within each document are divided into text
chunks: paragraph-like units that most often corre-
spond to interventions from a single speaker. Both
versions also contain structural XML tags, which
in the UI are displayed as grey labels that the user
can manipulate in various ways.

Translators are free to decide whether or not
they use Hawkeye MT: the translation editing
pane is not pre-populated with machine transla-
tion. Translators who want to use Hawkeye need to
explicitly insert MT into their target translation, by
activating various Ul components. This operation
can be performed for all chunks at the beginning of
a new document, or individually for each chunk.

3 The Prism-Hawkeye Logs

Systematic recording of data on the use of Hawk-
eye MT within Prism began shortly after the first
systems were deployed, in May 2023. In this work,
we examine a dataset of 286,858 records that were
collected over a period of 31 months, between 15
May 2023 and 12 December 2025.% In what fol-
lows, we refer to this dataset informally as the
“logs”. Table 2 presents general dataset statistics.
Each record in the logs corresponds to a text

2This number of records is computed after filtering out texts
with no translation: those that may have been incomplete at
the moment of collection or which were translated outside of
the Prism interface.



EN-FR FR-EN Total
HoC Domain rec. words rec. words rec. words
Debates 104k 10.9M 37k 3.8M 141k 14.7M
Committees 95k 6.7M 51k 3.6M 146k 10.3M
Total 199k 17.7M 88k 7.3M 287k 25.0M

Table 2: Number of records and words in dataset.

chunk, i.e. a segment of text about the size of
a paragraph (87.2 words per chunk on average).
Each record contains the source-language version
of that text (we refer to this field as Src7ext), along
with two or three target-language versions: 1) MT-
Text: the machine translated version produced by
Hawkeye (regardless of whether or not it was used
by the translator), 2) TrText: the translation pro-
duced by a parliamentary translator, and 3) Rev-
Text: optionally, a revised translation, as produced
by a reviser.

As mentioned above, Hawkeye systems are
trained using data from both houses of the Cana-
dian Parliament: the House of Commons and the
Senate. However, only House of Commons sys-
tems were available to parliamentary translators
during the period covered by our analysis. There-
fore, in this study, we consider only the two House
of Commons domains: House of Commons De-
bates and House of Commons Committees, in both
translation directions.

We note that parliamentary translators are or-
ganized in two teams: the Committees team and
the Debates team. Both teams translate documents
from the House of Commons and the Senate, have
both English and French translators (with some do-
ing both directions), and also have revisers (most
of whom also perform translation work). Transla-
tions of Debates are required to be systematically
revised and to be ready for publication the next
morning. Because House of Commons debates
normally take place during the day (the House typ-
ically sits between 10am and 7pm), the Debates
team usually works the evening shift. Transla-
tions of committees are not subject to the same
tight deadlines and translators of that team nor-
mally work the day shift. However, they are often
asked to also translate Debates on days with high
volumes.

Regarding language, 69.3% of texts in the logs
were translated from English into French and
30.7% from French into English. This is represen-
tative of the distribution of language interventions
in Parliament. The source language of each chunk

is also recorded in the logs.

A number of records have an empty RevText, i.e.
the field containing the final version of the transla-
tion, after revisions: 138,557 (48.3%). Most of
these are chunks that were ultimately not revised;
in these cases, the translator’s version Tr7ext is the
final version.?> As noted above, translations of De-
bates are all revised; most Committees’ transla-
tions in the logs are not. We made this information
explicit by adding a Boolean field Revised to each
record, whose value is based on whether Rev7ext
is instantiated or not.

Each record also contains anonymized identi-
fiers of the translator and reviser who handled the
translation, as well as various timestamps.

Finally, one particularly relevant piece of infor-
mation is contained in the HMTinserted field, a
Boolean value indicating whether the translator in-
serted the Hawkeye MT output into their transla-
tion window using dedicated UI components.

4 Analysis

4.1 Use of Hawkeye MT

As mentioned above, the HMTinserted field is a
Boolean value indicating whether the translator in-
serted the Hawkeye MT output into their transla-
tion. We use that information to analyze the use
of Hawkeye MT (sometimes abbreviated HMT be-
low) by translators. Of course, just because a trans-
lator had HMT inserted into their translation for a
given segment of text does not necessarily mean
that they actually based their translation on it; they
may have inserted it initially and then later chose
to delete it. Conversely, the fact that a translator
did not insert HMT does not mean that they did
not use any MT at all: parliamentary translators
have access to other MT tools, such as DeepL Pro*
or GCtranslate,” which they sometimes use rather
than Hawkeye. However, because these MT tools
are not integrated into Prism, translators need to
manually insert the MT into their translation, ei-
ther by cutting and pasting from a different win-
dow or by typing. We currently have no way of
detecting these events. Therefore, in what follows,
3 A small number of records with empty RevText may be ones
for which the revision was not yet completed at the moment
of data collection.

*https://www.deepl.com/en/pro
‘https://www.canada.ca/en/public-service
s—procurement /news/2025/09/gctranslate-u
sing-artificial-intelligence-to-build-a
-more—-agile-modern-and-bilingual-publi
c—-service.html



when we use phrases such as “translated with the
help of Hawkeye MT”, we merely mean that the
HMTinserted flag was set to True. Conversely,
when that flag is set to False, we cannot assume
that the translation was produced without the help
of any MT; we simply do not know whether some
MT was used or not.

Globally, 46.9% of all text chunks translated
in Prism during the period covered by the logs
were translated with the use of Hawkeye. Figure
1 shows global HMT use depending on transla-
tion direction and the origin of the texts. We ob-
serve that HMT was used more for translation into
French than for translation into English, and more
for the translation of Committee hearings than for
Debates.

Figure 2 shows the evolution of Hawkeye use
month-by-month between May 2023 and Decem-
ber 2025. Overall, from 16% in May 2023, HMT
use gradually increased to over 50% in the fall of
2024 and appears to hover between 50 and 60%
since then. Figure 2 also shows this evolution as
a function of text origin (middle plot) and lan-
guage (lower plot). We note that, while HMT
was used more for Committees than for Debates
overall, since the summer of 2025, HMT usage is
comparable for both domains. This suggests that
while translators of the Debates team were slower
to adopt HMT, their usage later increased, to a
point where they now use it equally often.

Use of HMT per language direction Use of HMT per origin of texts

56.3% S8.0%
52.5%

47.5%

43.7%

HMT was not used
mmm HMT was used

HMT was not used
W HMT was used

FR-EN EN-FR Committees

Debates

Figure 1: Hawkeye MT use as a function of translation direc-
tion (left) and origin of text (right).

4.2 Translators

During the period covered by the logs, a total of
145 linguists (as identified by distinct anonymized
IDs) either translated or revised House of Com-
mons texts. Table 3 gives a more detailed break-
down by task, language, and origin of texts. It
is worth noting that most revisers also worked as
translators during the covered period. Many trans-
lators worked on both debates and committees:
this is true of 56 French and 25 English translators.

HMT Use per Month: All data

== Al data
insufficient data

HMT Use per Month: Debates vs. Committees
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Figure 2: Monthly percentage of Hawkeye MT Use: global
(top), compared per text origin (middle) and per language
(bottom). Only months during which 20,000 words or more
were translated for all conditions are reported; confidence in-
tervals computed by bootstrap resampling (1000 iterations,
p = 0.01). The gaps correspond to periods during which
Parliament was not sitting, most notably the prorogation of
January 2025 and the summer pauses.

Translators Revisers
Language Debates Comm. Debates Comm.
EN-FR 75 88 21 11
FR-EN 33 41 11 6

Table 3: Numbers of linguists involved in each parliamentary
task.

Finally, 12 translators did both English and French
translation, 7 of whom also worked as revisers.

We saw in Section 4.1 that translators have used
Hawkeye to help translate approximately 47% of
all text between May 2023 and December 2025.
But is it that 47% of all translators used HMT all of
the time, or that all translators used HMT 47% of
the time? To find out, we computed the proportion
of text for which each translator used HMT, during
different periods.

Figure 3 shows the distribution of translators
based on their use of HMT, and how this distribu-
tion evolved over time: each shade of blue denotes
a different time period. Within these histograms,
each column shows the percentage of translators
whose use of HMT fell within a given range dur-
ing the given period. Looking at the lightest shade



Evolution of translator distribution as a function of HMT use.
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Figure 3: Evolution over time of the distribution of transla-
tors based on the proportion of documents for which they used
Hawkeye MT.

columns, we see that, between May and Decem-
ber 2023, the vast majority (more than 70%) of
translators used HMT for less than 20% of the texts
that they translated; for simplicity, we refer to this
group as non-users of Hawkeye MT. During the
same period, about 12% of translators used HMT
for more than 80% of the texts that they translated;
we call this group regular users of Hawkeye. In
between these two extremes we find what we call
occasional users: translators who used Hawkeye
for anywhere between 20% and 80% of all their
translations: between May and December 2023,
these amounted to about 15% of all translators.

As time progresses (darker shades), the propor-
tion of non-users of HMT diminishes, while the
proportion of regular users increases. Both groups
seem to stabilize around July 2024: non-users at
about 45% and regular users at 40%. All this time,
the size of the group of occasional users remains
relatively stable. We performed a brief manual
examination of how individual anonymous trans-
lators’ use of Hawkeye changed month-to-month.
In some cases, the translators who appear (in Fig-
ure 3) to be occasional users would be more ac-
curately described as users who are in the process
of migrating from one group (non-users or regular
users) to the other. That is, they are increasing (or
decreasing) their use of Hawkeye over the course
of the log file collection time span. This suggests
that the vast majority of parliamentary translators
are either non-users of Hawkeye (meaning they
never or very rarely use it) or regular users (mean-
ing they use it systematically).

4.3 MT Usage and Impact on Revision

We finally examined whether translators actually
make use of the Hawkeye machine translation out-
put. This was done by measuring the textual sim-

BLEU translation vs. HMT
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Figure 4: Distribution of textual similarities (BLEU met-
ric) between machine translation output and draft translations,
whether Hawkeye MT was used (green) or not (orange).

ilarity between the MT output (field MTText) and
the translator’s draft (field Tr7ext); we then com-
pared the distributions of these similarities under
the two conditions: Hawkeye MT was used and
Hawkeye MT was not used. The result of this com-
parison, using BLEU as similarity metric, is shown
in Figure 4.5 For cases where the HMTinserted flag
is True, the translator’s draft is much more similar
to the MT output (average similarity is 73.2) than
for cases where that same flag takes the value False
(55.1). This indicates that when translators import
MT into the editing pane, they do effectively tend
to base their translation on that proposed MT.

A more important question perhaps is whether
translations produced with the help of Hawkeye
MT differ from those that do not use Hawkeye MT
in terms of their quality. As a proxy, we measure
the amount of revision edits that were performed
by revisers on translators’ drafts.” For this, we
compute the Translation Edit Rate (TER) between
the translator’s draft (field Tr7ext) and the final re-
viser’s version (field RevText). This metric can be
interpreted as the percentage of words of the text
chunk that were edited—inserted, deleted, modi-
fied or moved—by the reviser (higher values in-
dicate more revision). We then compare the dis-
tributions of these rates under the two conditions:
Hawkeye MT was used and Hawkeye MT was not
used. The results are shown in Figure 5.

The dotted lines in this figure show the global

®Note that, in this context, BLEU is not used to measure MT
quality, but merely textual similarity between the MT and the
translator’s draft — see Appendix A.

"This analysis is limited to chunks that were actually revised,
i.e. which had non-empty RevText and were thus marked with
the Boolean field Revised set to true.

8Note that, in this context, TER is not used to measure ma-
chine translation quality directly, but rather to measure the
amount of revision work performed by revisers — see Ap-
pendix A.
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Figure 5: Monthly comparison of the average amount of re-
vision per chunk (measured in TER) performed by revisers
on translator drafts, depending on whether these were done
with or without the help of Hawkeye MT. Only months dur-
ing which at least 500 chunks were translated are reported;
confidence intervals computed by bootstrap resampling (1000
iterations, p = 0.05).

average TER for translations done with and with-
out the help of HMT. Globally, we observe lower
TER values for translations produced with the help
of Hawkeye MT than for those produced without:
the average number of revision edits for chunks
produced without Hawkeye MT is 7.22; for those
produced with the help of Hawkeye MT, it is
5.89, yielding a statistically significant difference
of 1.33 £ 0.16 between the two conditions (esti-
mated through 1000 iterations of bootstrap resam-
pling with p = 0.01). However, while this ten-
dency is quite strong in 2023 and 2024, it seems
to diminish substantially in 2025, to a point where
most differences between the two conditions are
not statistically significant. It is difficult to deter-
mine whether these variations over time carry any
significance. At this point, we simply observe that,
based on the amount of edits performed by revis-
ers, translations produced with the help of Hawk-
eye do not appear to be of lesser quality than those
produced without.

Note that this assessment reflects the amount
of revisions in terms of surface-level edits, not
the severity of errors that revisers observe in draft
translations. Also worth noting: as far as we know,
apart from the name of the translator, Prism does
not provide revisers with information that would
allow them to determine whether a given trans-
lation was produced with or without the help of
Hawkeye.

5 Conclusions

We presented our analysis of user interactions of
the translators and revisers of the Translation Bu-
reau’s parliamentary service with the Hawkeye
MT components of the Prism parliamentary pub-
lication workflow management software, based on

user interaction data collected between May 2023
and December 2025. Overall, we found that dur-
ing the covered period, translators used Hawkeye
machine translation for 47% of all the texts they
translated using the Prism environment. This use
increased steadily in 2023 and 2024, from 16%
in May 2023 to approximately 55% in the fall
of 2024, plateauing at about that level throughout
2025. During that year, Hawkeye was used more
frequently for translation into French (57.8%) than
into English (50.0%), and more frequently for the
translation of Debates (56.4%) than for committee
evidence (53.9%).

We observed that most translators either rarely
use Hawkeye MT (non-users) or almost always use
it (regular users). In the period between July and
December 2025 (last six months of logged period),
these two groups represented 44% and 41% of all
translators, leaving only about 15% of translators
qualifying as occasional users of Hawkeye MT.

In terms of quality, translations produced with
the help of Hawkeye required fewer revisions on
average than those produced without, although the
difference between the two conditions seems to
fluctuate over time. Again, we note that this anal-
ysis of quality was based solely on the amount of
edits performed by revisers (in terms of the num-
ber of words and punctuation marks revised), not
on the gravity of the errors they encountered.

Collection of user interaction data in Prism is
ongoing, and we hope to repeat this analysis peri-
odically and follow the evolution of the observed
trends and better our understanding of how Hawk-
eye MT is used by parliamentary translators. We
note in passing that the current data collection pro-
cedure does not allow us to reliably measure trans-
lator and reviser productivity. If measuring this
is critical, then additional instrumentation of the
Prism translation user interface and/or voluntary
user disclosure would be required. Another thing
that the current data collection procedure does not
allow us to detect is situations where translators (or
revisers) use other translation tools, such as DeepL
Pro or GCtranslate, to produce translations. Again,
this would require different instrumentation.

Finally, and as noted above, there seem to exist
differences in the quality of the translations pro-
duced with and without the help of Hawkeye MT.
This warrants a more in-depth analysis, in which
we would examine the nature of the revisions per-
formed on each kind of translation.
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A Measures of Textual Similarity

In different parts of this study, we find the need to
quantify the differences between different transla-
tions of the same text. We base these comparisons
using textual similarity metrics: functions that pro-
duce values that can be interpreted as the degree of
similarity between two strings of text.

In practice, the metrics that we use in this study
are standard machine translation evaluation met-
rics: BLEU, ChrF and TER. Here, however, we
use these MT evaluation metrics strictly as textual
similarity metrics, and not to directly measure MT
(or postedited text) quality against a reference. For
example, in Section 4.3, we use BLEU to compare
the similarity between Hawkeye outputs (hypothe-
ses) and the translators’ drafts (references) under
two different conditions; in that same section, we
use TER to measure the similarity between trans-
lators’ drafts (hypotheses) and final, revised trans-
lations of the same texts (references). In both
of these examples, these metrics’ values should
not be interpreted as denoting machine translation
quality. In the case of BLEU, we are examining
how much of the original MT appears in the trans-
lator draft. In the case of TER, we are examining



how many revisions were made to the translator’s
draft, conditioned on whether Hawkeye MT was
selected at translation time or not (without know-
ing directly whether it was used or not).

We use the sacrebleu’ implementation of
BLEU, ChrF and TER machine translation evalua-
tion metrics Post (2018), with signatures provided
in Table 4.

‘nttps://github.com/mjpost/sacrebleu



BLEU nrefs:1|case:mixed|eff:yes|tok:13a|smooth:add-k[1.00] |version:2.4.3
ChrF nrefs:1l|case:mixed|eff:yes|nc:6|nw:0|space:no|version:2.4.3
TER nrefs:1l|case:lc|tok:tercom|norm:no|punct:yes|asian:no|version:2.4.3

Table 4: Sacrebleu signatures for metrics used in this paper. Because we average similarities between relatively short segments
of text, we need to compute BLEU scores with smoothing: we use add-1 smoothing.



