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Abstract

We present North Small Translate, an open-
weight, LLM-based machine translation (MT)
model with instruction-following capabilities
built on the same foundation as Cohere’s Com-
mand A+, a mixture-of-experts architecture
with 25 billion active parameters out of 218
billion total parameters. North Small Translate
is trained using difficulty sampling to obtain
challenging documents and a five-step train-
ing protocol combining supervised fine-tuning,
direct preference optimization, and online rein-
forcement learning. We prioritized throughput
through a non-reasoning base model and sup-
plemented it with optional agentic capabilities
to unlock translation quality gains. North Small
Translate is trained to perform MT-related
tasks, including post-editing and quality esti-
mation, as well as related tasks such as general
instruction following. The model achieves top
MT performance across 50 languages in the
class of models under 1T parameters, with no
need to run expensive reasoning at inference
time.

1 Introduction

In recent years, machine translation (MT) has al-
most fully transitioned to large language models
(LLMs), which treat cross-lingual generation as a
complex instruction-following task. This shift lets
models leverage broad context, translate robustly,
and adapt to various requests.

We introduce North Small Translate (submitted
to the WMT General MT shared task as Cohere
CAT+), our best-performing MT system built upon
the same foundation as Cohere’s Command A+ (Co-
here Team, 2026). It is a sparse mixture-of-experts

(MoE) transformer with 25 billion active parame-
ters out of a total of 218 billion parameters.

North Small Translate is built for efficiency.
While most LLMs rely on test-time reasoning to
achieve state-of-the-art performance, long reason-
ing traces introduce prohibitive latency and compu-
tational overhead for production-level translation.
Model throughput is a primary target for practical
MT deployment, so we explicitly trained North
Small Translate as a non-reasoning model. For
latency-insensitive applications, our optional Agen-
tic Translation framework bridges the potential
quality gap caused by the absence of intermedi-
ate reasoning steps.

North Small Translate achieves top-tier trans-
lation quality through five distinct training steps:
(i) Coarse SFT to establish general non-MT
instruction-following capabilities and extend the
base model’s language coverage; (ii) Fine-grained
SFT using highly curated synthetic datasets to im-
prove core MT quality and adjacent tasks like error
detection and post-editing, followed by three steps
focusing primarily on human-aligned translation
quality: (iii) DPO; (iv) Online RL using an LLM-
as-a-judge reward; and (v) a minimal final DPO
with a reduced learning rate to resolve edge-case
regressions introduced in RL.

We participate in the WMT 2026 General MT
(Kocmi et al., 2026), Terminology (Charkiewicz
etal., 2026), and Automated MT Evaluation shared
tasks with our model, Cohere CAT+. Our submis-
sion uses no specialized search heuristics, inference
tricks such as Minimum Bayes Risk decoding (Fre-
itag et al., 2022), or Agentic Translation.! One
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Params GEMBA xCOMETxI Terminology Long  Structured
total (active) WMT26 WMT24++ context translation
North Small Translate (Agentic) 218B (25B) 80.7 47.8
North Small Translate 218B (25B) 80.6 48.9
Mistral Large 3 675B (41B) 78.3 20.0
Qwen 3.5 397B 397B (17B) 78.5 19.5
DeepL NextGen 81.4
Gemma 4 31b 31B (31B) 79.5
Inkling Small 276B (12B) 78.5
Muse Glimmer 30B 30B (30B) 78.2
Command A+ 218B (25B) 76.5
GLM 5.2 744B (40B) 76.5
Mistral Medium 3.5 128B (128B) 75.7
GPT-0OSS 120B 117B (5B) 72.3
Command A Translate (2025) 111B (111B) 70.0
Google Translate 68.2 21.3
Nemotron 3 Ultra 550B 550B (55B) 67.1 84.8 19.7
Qwen 3.6 27B 27B (27B) NGO B89N 289

Table 1: Aggregated results of our model against other top systems with under 1T parameters.

domain for General MT contains videos as sources;
we used Cohere Transcribe® to obtain textual tran-
scripts for English videos, while relying on the of-
ficially provided transcripts for Chinese and Czech
source data.

2 Training Details

2.1 Model Architecture

Our model is built on top of Command A+ (Cohere
Team, 2026), a decoder-only sparse Mixture-of-
Experts transformer (Vaswani et al., 2017) with
218B total parameters and 25B active.’

The list of pre-training languages is:

Arabic, Bengali, Czech, Danish, Dutch, English, Fil-
ipino, Finnish, French, German, Greek, Hebrew, Hindi,
Indonesian, Italian, Japanese, Korean, Malay, Norwe-
gian, Persian, Polish, Portuguese, Punjabi, Romanian,
Russian, Simplified Chinese, Spanish, Swedish, Tamil,
Telugu, Thai, Traditional Chinese, Turkish, Ukrainian,
Urdu, Vietnamese.

The list of languages extended in post-training:

Albanian, Bulgarian, Catalan, Croatian, Estonian, Hun-
garian, Icelandic, Irish, Latvian, Lithuanian, Maltese,
Serbian, Slovak, Slovenian.

2.2 Training Approach

We build on top of findings from our previous mod-
els and also our previous Command-A-Translate
(Kocmi et al., 2025a), which showcased the im-

of the WMT General MT shared task.
thtps ://cohere.com/blog/transcribe

3https ://huggingface.co/CoherelLabs/
command-a-plus-05-2026-bf16

pact of the Direct Preference Optimization (DPO)
(Rafailov et al., 2023) training step on MT quality.

We use five distinct training steps, each focused
on a different aspect:

1. Initial coarse SFT: to cover general
instruction-following capabilities and extend
language coverage from the 35 pre-training
languages to 50 languages. We fine-tune four
different models and merge them (Cohere

et al., 2025).

Fine-grained SFT: focusing on improving the
MT quality using primarily synthetic datasets
and also improving MT-related tasks such as
error detection, terminology or post-editing.

. DPO: primarily focused on improving quality.

. Online RL: online RL with GSPO (Zheng
et al., 2025) and LLM-as-a-Judge as the re-
ward signal to polish performance and in-
crease adequacy.

. Light targeted DPO with a reduced learning
rate: for fixing remaining problems, especially
a few introduced by the RL step.

Table 2 shows the MT improvement from each
training step. Each step yielded significant gains
except RL, which improved some scores, especially
adequacy, but degraded performance for a few low-
resource languages because the LLM judge is weak
in these languages.
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To fix the aforementioned regression, we intro-
duced a final DPO step with a reduced learning
rate and only 5 warm-up steps. For this step, we
focused only on a few problematic languages and
capabilities.

Step MT Quality
Coarse SFT 71.3%
Fine-grained SFT 76.2%
DPO 80.1%
Online RL 80.0%
Light DPO 81.8%

Table 2: Training progression on the WMT25 evaluation
with GEMBA-ESA averaged over 14 languages.

2.3 Data Preparation

While the main goal is to build a strong MT
model, we additionally focused on building a
strong instruction-following model that also excels
in MT-related tasks, such as post-editing, termi-
nology following, quality estimation, or structured
translation.

We processed every translation pair with auto-
mated verifiers to remove noisy or malformed text.
We enforced structural consistency by requiring
source and target segments to have the same num-
ber of lines and paragraphs. Additionally, we ap-
plied language identification and filtered out in-
stances of unwanted code-switching. Our filtering
pipeline also removed segments containing broken
Unicode characters and relied on various other in-
ternal classifiers to detect and discard anomalies.

2.3.1 Quality of Machine Translation

A primary challenge in curating training corpora for
top-performing MT systems is the sparsity of gen-
uinely difficult source material, as we highlighted
in Kocmi et al. (2025a). After our initial coarse SFT
stage, the model translates without major errors for
more than 90% of our training documents. Con-
sequently, randomly sampling source texts would
yield a weak learning signal and fail to push the
model’s quality boundaries.

We use difficulty sampling to focus our synthetic
generation exclusively on problematic instances
from which the model can learn. Building upon
our previous work (Kocmi et al., 2025a), we ex-
tend difficulty sampling by using the initial base
model with minimal post-training itself as the base-
line model and keep only documents where the

model produces major errors, or its translation qual-
ity is lower than the human reference for parallel
data. For each source document, we randomly
select a high-resource target language and trans-
late the document with an early-stage model. A
judge then evaluates the translation for errors. For
monolingual data, we classify a source segment
as “easy” and remove it if its translation is largely
error-free. For parallel data, we deem it “easy” if
the translation outperforms the human reference.
Filtering easily translated segments concentrates
the corpus on difficult texts, directing downstream
synthetic-data generation to documents where the
model needs the most improvement.

To achieve top MT performance across all sup-
ported languages, we construct our training corpora
using two distinct data synthesis and refinement
strategies, which we call Best-per-Language For-
ward Translation and Post-Edit Driven Preference
Distillation. Both approaches are designed to maxi-
mize the quality and diversity of the training signal
without relying on human-annotated parallel data,
which we use solely in the first stage of training.

Best-per-Language Forward Translation com-
bines standard forward translation with Best-of-N
selection. For each language, we select the top-
performing language-specific expert to translate
the source documents. To ensure broad multilin-
gual coverage and improve cross-lingual transfer,
we randomly assign the target language during gen-
eration. While the majority of the source texts
are in English, a significant part consists of non-
English sources, yielding a substantial volume of
direct non-English to non-English translation pairs.
A judge retains only candidates scoring above 70
GEMBA-ESA. Scoring details are in Section 2.4,
as we use this approach throughout.

Our second strategy, Post-Edit Driven Prefer-
ence Distillation, is the data preparation pipeline’s
most critical component and the primary driver of
DPO. It aims to generate near-on-policy data of-
fline, creating effective preference pairs that target
the model’s weaknesses. The orchestration pipeline
operates as follows:

1. Generate a draft translation using the current
candidate model.

2. A separate judge model identifies and anno-
tates error spans in the generated draft. If no
error is present, the sample is deemed “easy”
and dropped from the training data.
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3. A third model acts as an automated post-editor,
taking the draft and fixing the errors.

4. We iterate steps 2 and 3 until no major error
is discovered, or we pass 10 iterations.

This multi-model orchestration yields an aligned
preference pair: the candidate model’s original,
flawed output is the worse completion and the cor-
rected version the preferred completion. Because
the flawed translation comes directly from the can-
didate model, the dataset closely approximates on-
policy MT data. Offline DPO can thus function
with the precision of online reinforcement learn-
ing by penalizing the model’s actual failure modes.
This orchestration approach was instrumental in
fixing persistent, model-specific errors and driving
the most significant quality improvements observed
during our DPO stage.

2.3.2 Instruction Following

To give our MT model acceptable general
instruction-following abilities and strengthen
translation-related tasks and adherence to specific
MT instructions, we included non-MT instruction
data in the first SFT stage. We used some English-
only single-turn datasets used to train Command A+
and multilingual datasets with general-purpose mul-
tilingual prompts. We removed reasoning traces
from all reused datasets. We reused these data in
the second SFT stage with significant downsam-

pling.
2.3.3 Structured Translation

“Structured translation” is the process of translating
natural language embedded in data formats such
as JSON or HTML without breaking their under-
lying syntax. It is a critical feature especially for
translating webpages, documents or training data.
While the general instruction-following datasets
described above contain various formats, in struc-
tured translation, we focus solely on JSON and
HTML formats. We prepare data from naturally
occurring structures or by placing paragraphs or
sentences from high-quality MT datasets into di-
verse structures. The former uses JSON from in-
ternal datasets and HTML from web datasets; the
latter uses top segments from high-quality sentence
corpora. An internal model translates the resulting
sources into 35 languages, both field by field and as
complete structures. Prompts controlled translation
scope, from the entire structure to only a few JSON

keys. Lastly, the translations were filtered for struc-
ture retention and for translation quality. On top of
SFT, we also created a DPO dataset targeting only
specific structured errors that our fine-tuned models
exhibit. These included over-copying or parsing
issues, with the preferred completions remaining
as pristine as possible.

2.3.4 Terminology Translation

Terminology translation is the task of producing
a translation that adheres to a glossary of source-
target term pairs supplied in the prompt. When a
customer has an established vocabulary, such as
product names, brand names or domain-specific
jargon, it is critical that a translation solution ren-
der these consistently and have the ability to use
translation memories. We focus on building a pref-
erence dataset for this capability.

For each document, an LLM identifies source
named entities and their reference renderings, pro-
poses an equally valid alternative target-language
rendering for each, and rewrites the reference to use
the alternatives while leaving other text unchanged.
The rewrite is the preferred completion, the orig-
inal reference is dispreferred, and the proposed
term pairs are given to the model as the glossary.
Because the completions differ only in term ren-
derings, the preference signal isolates terminology
adherence from general translation quality.

A model that blindly copies every glossary entry
would score well on such data. To counter this,
half the documents receive negative glossary en-
tries: topically related source-language words and
phrases that do not occur in the document. These
are proposed by an LLM, filtered with a substring
check against the source and both completions, and
verified by a second LLM pass that also rejects
inflected forms, compounds and transliterations. A
document never receives more negative entries than
genuine ones. The dataset contains preference pairs
from English into ten languages: Arabic, German,
Spanish, French, Hindi, Italian, Japanese, Korean,
Portuguese and Russian. Following Section 2.3.8,
each glossary uses a random format: a JSON ob-
ject, a JSON list of pairs, or one term pair per line
with a varying separator; it is attached to a random
instruction. When negative entries are present, the
instruction comes from a separate set warning that
some entries may be irrelevant to the source.
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2.3.5 Tone and Idiomatic Translation

Human evaluation in early stages revealed that our
model struggled with adhering to an expected tone,
formality levels and usage of idioms.

To improve the model’s adherence to formality
instructions, we collected social-domain data in
eight languages with explicit formality distinctions:
Dutch, Italian, Polish, Greek, Japanese, Spanish,
Korean, and Portuguese. Each sample was automat-
ically assigned one of three labels using an LLM:
Sformal, informal, or ambivalent. Both grammatical
markers and stylistic cues were considered when
determining the appropriate formality label.

We then back-translated each target-language
sample into English using our internal MT
model, producing supervised training triplets of
a back-translated English source segment, a target-
language segment with an authentic formality level,
and an associated formality label. During train-
ing, each label was mapped to its corresponding
natural-language instruction in the model prompt
highlighting the expected formality level.

In order to tackle the idiom translation, we cre-
ated multilingual synthetic datasets from existing
English monolingual idiom datasets. The col-
lected training set contained 50k idiomatic sen-
tences paired with annotated idioms or literal para-
phrases.

We translated literal paraphrases from English
into 35 languages with our internal MT model. We
then scored each translation using GEMBA-ESA
(Kocmi and Federmann, 2023) with a strong LLM
judge, retaining only examples scoring at least 70.
For idioms without literal paraphrases, we used
best-of-N: several models generated translations
and the LLM judge selected the best. We otherwise
followed the same process. Finally, we retained
the top 10k candidates per language pair, yielding
512k sentences.

2.3.6 Error Detection and Quality Estimation

Error detection is the task of identifying erroneous
spans in a given machine-translated text, while
quality estimation assesses the quality of the trans-
lated text. Both are evaluated annually by the WMT
Automatic Evaluation task (Lavie et al., 2025).

In our preliminary experiments, training on fully
human labels alone was only marginally better than
the baseline, lagging far behind state-of-the-art
models, which may be caused by inconsistency
in the human annotations. We therefore focus on

synthetic annotations of actual MT errors only, us-
ing a strong judge to assess error spans and scores.

Inspired by Treviso et al. (2024), we used an
XML tag scheme to annotate the text. We de-
signed a unified XML tag scheme that can repre-
sent both ESA-style tags (Kocmi et al., 2024b) en-
coding only severity (<error severity="minor
or major”>) and MQM-style tags (Lommel
et al., 2014) that additionally carry an error cat-
egory and subcategory (<error severity="..."
category="accuracy/mistranslation”>).

2.3.7 Post-editing

Post-editing is the process of improving an existing
translation to capture inaccuracies in fluency and
adequacy. Typically, one provides a tuple contain-
ing the source and raw translation, and expects an
improved translation from an oracle. The oracle
can be a human or an automated translation system
or model. In our setup, we use another capable
judge LLM to be an oracle.

WMT APE came up with the formulation for
Automatic Post-editing, where people were given
human post-edits of some unknown MT system and
were allowed to train ML models that can perform
similar fixes when trained on supervised datasets
comprising the original translation, source text and
the corrected output (Bojar et al., 2015; Chatter-
jee et al., 2018). Because human post-edits are
scarce and hard to scale, researchers have relied
on synthetic LLM edits (Bang et al., 2023; Ki and
Carpuat, 2024; Singh et al., 2025). LLMs can also
be fine-tuned for more faithful post-editing. We
adopt this approach and consider inference-time
post-editing useful for translation models.

We use post-editing both to refine training targets
and teach our model to repair drafts at inference
time. For post-training data, a base internal MT sys-
tem produces a draft that a stronger LLM post-edits.
We score the draft and revision with reference-free
GEMBA-ESA (Kocmi and Federmann, 2023) and
keep the pair only when the post-edit improves
the draft, restricting supervision to major quality
gaps. Each retained example has two instruction
formats: (a) Blind post-editing, which provides the
source and raw translation, and (b) Span-assisted
post-editing, which marks erroneous spans in the
original translation with XML severity tags (major
or minor) and provides the annotated translation
with the source (Lommel et al., 2014; Kocmi et al.,
2024b).
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Metric Acc (ties)
GEMBA-ESA Fluency+Adequacy 51.0
GEMBA-ESA 50.6
xCOMETxI 44.9
spBLEU 43.7

Table 3: Metric meta-evaluation comparing LLM-as-
a-judge (with GPT 5.4) versus traditional metrics on
internal human-labeled translations.

2.3.8 Instruction Diversity

Instruction-tuned MT often relies on static prompts
(e.g., "Translate this to [Language]"). Although
functional, fixed phrasing causes overfitting. We
therefore diversify prompt instructions during train-
ing to improve robustness.

We introduce variance across three distinct tiers.
First, we seed instructions with curated, manu-
ally prepared paraphrases to capture human-written
translation requests. Second, we automatically
prepare thousands of paraphrased instruction vari-
ants for broad lexical and syntactic coverage. Fi-
nally, we translate each variant into all supported
languages. When preparing the training dataset,
we randomly select a prompt, alternating the in-
struction language between English, the source
language, and the target language. Furthermore,
we added various augmentations such as merging
consecutive sentences into a single line, replacing
newlines with random paragraph separators, en-
closing the source and/or target text in XML tags
or Markdown.

To strengthen instruction adherence, we included
a small preference dataset in the final DPO step. It
targets terminology, formality, custom formatting
or style, and combinations of these constraints. We
synthesize it by having an LLM add creative trans-
lation guidelines to existing prompts, generating
translations with best-of-N, and using a judge fo-
cused on guideline adherence to select the best; the
worst is the negative example.

2.4 Reliable Evaluation Metric

Reliable evaluation metrics were crucial to model
development. We meta-evaluated metrics using
internal human annotations for 24k translated seg-
ments across 10 languages and the segment-level
pairwise accuracy method from Deutsch et al.
(2023). As Table 3 shows, confirming Lavie et al.
(2025), LLM-as-a-Judge methods significantly out-
perform traditional string-based metrics such as
xComet and spBLEU. Consequently, we focused

on LL.M-as-a-judge throughout our work. We also
designed an updated GEMBA-ESA (Kocmi and
Federmann, 2023) prompt that evaluates fluency
and adequacy separately before averaging them.
This yields a slightly higher correlation with human
judgments while enabling independent diagnosis
of translation accuracy and fluency and providing
individual error annotations. The full prompt that
we used throughout this work with various judges
is in Section A.

2.5 Agentic Translation

To maximize inference throughput, we train a non-
reasoning model, trading potential quality gains
from intermediate reasoning for significantly faster
generation. For quality-critical applications, we
bridge this gap with Agentic Translation. It uses
the same underlying model in three roles: a trans-
lation agent generates a draft, an evaluation agent
identifies and annotates errors, and a post-editing
agent corrects the draft using those error spans. By
decomposing the translation process into iterative,
targeted steps, the agentic approach recovers the
performance benefits typically associated with rea-
soning models.

3 Evaluation and Results

We analyze the performance of our model over
MT capabilities and related tasks. We compare
it with our previous models, top-performing MT
open-weight systems, and leading providers such as
Google Translate and DeepL Pro (the full list is in
Section 3.1). We evaluate all systems in an identical
setup, in a clean zero-shot approach without any
inference techniques.

3.1 Benchmark Models

Next to our new model, we evaluate Cohere’s
two previous models: Command A Translate
(Kocmi et al., 2025a) and general-purpose Com-
mand A+ (Cohere Team, 2026). We compare
them with a broad selection of top-performing
open-weight models below 1T total parameters:
Google’s Gemma 4 31B (Gemma Team, 2026);
Mistral Large 3 (Mistral Al Team, 2026) and
Mistral Medium 3.5 (Mistral Al, 2026); Al-
ibaba’s Qwen3.5 397B (Qwen Team, 2026a) and
Qwen3.6 27B (Qwen Team, 2026b); Z.ai’s GLM-
5.2 (GLM-5-Team et al., 2026); OpenAI’s GPT-
OSS 120B (OpenAl et al., 2025); NVIDIA’s
Nemotron 3 Ultra (NVIDIA Research, 2026);
Thinking Machines Lab’s Inkling-Small (Thinking
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Machines Lab, 2026); and Meta’s Muse Glimmer
30B (Cuenca et al., 2026). In addition, we com-
pare against two leading commercial translation
services: Google Translate and DeepL’s NextGen.

We keep the reasoning on for every model
that supports reasoning capabilities: specifically,
Command A+, Gemma 4 31B, Qwen3.5-397B,
Qwen3.6-27B, GLM-5.2, GPT-OSS 120B, and
Muse Glimmer 30B.

3.2 Machine Translation Capabilities

Our core focus is MT quality across all supported
languages. To honestly evaluate capabilities, we
evaluate them on a test set released after we finished
building the model: the WMT 2026 General MT
test set (Kocmi et al., 2026). This dataset contains
four distinct domains and translation modes.

Lavie et al. (2025) showed that traditional met-
rics such as xComet (Guerreiro et al., 2024) and
MetricX (Juraska et al., 2024) no longer correlate
well with human evaluation, and instead, strong
frontier models excel at evaluation. Our internal
evaluation in Section 2.4 agrees. Thus, we use GPT-
5.6 Sol as a reference-free judge, asking it to score
adequacy and fluency separately and averaging the
scores.

WMT?26 is a document-level test set, where
the number of documents differs for each domain.
Building on the recommendation of the original
test set, we weight each score by the number of
segments in the document. This way, each domain
is roughly equally represented with about 180 seg-
ments.

The speech domain tests multimodal capabilities,
but all reported models are evaluated text to text.
We use the provided automatic transcript as source
text and give the human-cleaned transcript to the
LLM judge to reduce ASR noise.

Table 4 shows that North Small Translate ranks
first overall, particularly in European and Latin-
script languages. It ranks second for Middle East-
ern and Asian languages. Per-language results are
in Table 6.

We supplement results with a well-known evalu-
ation in the MT community: WMT24++ (Deutsch
et al., 2025). WMT24++ contains English to 55
human-translated languages and dialects. The origi-
nal source text is from Kocmi et al. (2024a) and cov-
ers multiple domains. Each language pair contains
171 documents split into 998 mostly paragraph-
level segments. We use the prompt instruction
from Deutsch et al. (2025) and we evaluate with

xComet-XL (Guerreiro et al., 2024), a metric
widely used for system rankings. The metric is
a 3.5B-parameter model fine-tuned on human judg-
ment data.

Table 1 shows that North Small Translate reaches
near-top performance. That said, caution is needed;
as discussed in Section 3.6, WMT24++ is signif-
icantly easier than WMT26 and mostly “solved”
with top-performing systems.

3.3 Long-Context Translation

We evaluate long-context translation using a subset
of the WMT25 General MT test set (Kocmi et al.,
2025b). The English long-context source com-
prises two documents with approximately 9,900
words divided into two sections. We concatenate
them into a single source document, yielding one
long-form evaluation instance. As part of the eval-
uation, we translate it into Egyptian Arabic, Czech,
Estonian, Icelandic, Japanese, Korean, Russian,
Simplified Chinese, and Ukrainian. The complete
document is provided to the model in a single re-
quest.

Translations are evaluated against the WMT25
references using the reference-based xCOMET-
XL metric (Guerreiro et al., 2024). Since the
metric is not able to evaluate a full document,
we divide the translations at segment boundaries.
xCOMET-XL independently scores each aligned
source-hypothesis—reference triple and returns the
arithmetic mean over the 85 segments.

Table 1 shows that our model reaches second-
best MT quality, outperformed only by DeepL.*

3.4 Terminology Translation

We evaluate glossary-conditioned translation using
the WMT25 Terminology Translation Task (Se-
menov et al., 2025). We refer readers to that work
for the dataset construction, domains, and official
shared-task protocol. Our evaluation covers five
translation directions: English to German, Spanish,
Russian, and Traditional Chinese, and Traditional
Chinese to English.

For the scoring, we use only the proper-
terminology condition setup. Each model receives
the source text together with a source—target glos-
sary and is instructed to apply the supplied termi-
nology while returning only the translation.

“DeepL is a closed-source system accessed by API, so we
cannot confirm implementation: for instance, whether it might
pre-parse the source text.
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Param§ All Europe ME + Asia Lat.m Other

total (active) languages script  scripts
North Small Translate (Agentic) 218B (25B)
North Small Translate 218B (25B)
Mistral Large 3 675B (41B)
Qwen 3.5 397B 397B (17B)
DeepL NextGen
Gemma 4 31b 31B (31B) 74.9
Inkling Small 276B (12B) 78.5 77.8 79.6 = 7182 79.0
Muse Glimmer 30B 30B (30B) 78.2 76.8 80.3 774 79.5
Command A+ 218B (25B) 76.5 76.0 774  76.0 77.3
GLM 5.2 744B (40B) 76.5 77.5 75.0  77.8 74.6
Mistral Medium 3.5 128B (128B) 75.7 73.6 78.7 73.6 78.7
GPT-OSS 120B 117B (5B) 72.3 70.3 752 714 73.5
Command A Translate (2025) 111B (111B) 70.0 68.8 71.7  69.6 70.5
Google Translate 682  68.0 684 689 [ 671
Nemotron 3 Ultra 550B 550B (55B) 67.1 62.9 733  64.6 70.8
Quen 3.6 278 278 78)  ENGHONNS00 SNSO O NG5 0]

Table 4: Machine translation capabilities aggregated over different groups of languages over the WMT?26 test set.

We measure the corpus-level terminology suc-
cess rate: a dictionary pair is successful when its
source term occurs in the input and its prescribed
target form occurs in the translation. As a final
score in Table 1, we micro-average language-pair
scores from both WMT25 Terminology Tracks.

3.5 Evaluation of Structured Translation

Because this task is the first of its kind, we built ded-
icated test suites and metrics. Our test suites were
developed using internal datasets from the same
distribution as the training data and also naturally
occurring sentences that were combined to create
diverse JSON structures. They test instruction fol-
lowing through two tasks: translating all fields and
translating only user-specified fields. We dropped
a Markdown suite because our base models already
saturated it.

For structured translation, we tracked transla-
tion quality and, primarily, structural consistency,
which we report here. The metrics target errors ob-
served during model development. Table 1 reports
their average.

* Overall structure: Parsing accuracy checks
whether the delimiters permit structured-
output extraction. Decoding accuracy checks
whether the extracted output decodes into a
valid object (e.g., JSON or YAML). Schema
accuracy checks whether the decoded output
matches the source schema (e.g., the same

JSON keys). Failures cascade to subsequent
structured metrics.

* Untranslation issues: The intermediate mod-
els exhibited different levels of copying in
their outputs, from leaving intermediate fields
untranslated to retaining entire translations
in the source language. In addition, the
instruction-following test suite involved only
translating a limited number of fields, requir-
ing the remaining fields to be retained in their
source language. Thus, the evaluation mea-
sured (i) the percentage of samples where all
non-translatable content was copied correctly
and (ii) the average per-sample percentage of
translatable fields that were incorrectly copied.
Lastly, a separate metric evaluated the propor-
tion of examples that were left completely
untranslated.

* Line count consistency: Per field, this checks
whether the generated and source translations
have the same line count.

3.6 Quantifying Test Set Saturation

To measure headroom on popular WMT test sets,
we ran a human evaluation of the same system with
the ESA protocol (Kocmi et al., 2024b). Table 5
shows that for high-resource languages, WMT24
is much easier than WMT26—and nearly solved.
This is especially problematic with xComet: as ac-
tual errors grow rare, the metric’s word preferences
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Language WMT24 WMT26
Arabic (MSA) 19.7% 34.9%
German 22.9% 37.1%
Spanish (Mexico) 14.2% 34.9%
French 7.6% 13.9%
Italian 11.9% 11.5%
Japanese 14.6% 28.9%
Korean 29.9% 19.3%
Portuguese (Brazil) 6.6% 17.5%
Chinese (Simplified) 14.4% 18.1%
Overall difficulty 15.8% 24.0%

Table 5: Percentage of segments containing at least one
major error, highlighting the saturation of the test sets.

affect score differences more than the errors. We
also found that in WMT?26, the software domain is
easiest, while other domains remain considerably
harder.

These results require some caution. Although
both evaluations used the Pearmut framework
(Zouhar and Kocmi, 2026), some details differ,
most notably those affecting the slider anchors. We
argue that these changes minimally affected the
major-error annotations, which remained compa-
rable. The test sets were also evaluated in differ-
ent months, alongside different systems, and by
slightly different annotator pools. While the pools
could not be strictly controlled, we selected one sys-
tem that was identical across both evaluations. The
table shows this model’s error percentages in both
setups. This strong system outperforms Command
A+ but underperforms North Small Translate.

4 Conclusion

We introduce North Small Translate, Cohere’s state-
of-the-art machine translation system. A sparse
mixture-of-experts non-reasoning transformer-
based LLLM with 25 billion active and 218 billion
total parameters, it achieves top-tier performance
across 50 languages.

We build North Small Translate via a five-step
training protocol spanning SFT, DPO, and online
RL. By using difficulty sampling and an orches-
trated preference distillation pipeline, we focused
our synthetic data generation and training signal
strictly on the most challenging documents. Con-
sequently, the model excels in standard machine
translation as well as complex related tasks, includ-
ing structured translation, terminology adherence,
and error detection.

For latency-insensitive applications requiring
maximum quality, we incorporated an Agentic

Translation framework, enabling the model to iter-
atively evaluate and post-edit its own drafts. We
submitted our model to the WMT 2026 General
MT shared task as Cohere CAT+, demonstrating
the model’s strong out-of-the-box capabilities.

Limitations

MT evaluation is limited by noise and the limited
discriminative power of automated benchmarks and
even human evaluators. Translation quality can be
subjective, and high quality in one domain does not
guarantee it in another, even for the same language.
Preferred system recommendations can thus vary
by use case.
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Params All Egyptian

. Albanian Bengali Bulgarian Catalan Croatian Czech Danish Dutch Estonian
total (active)  languages

North Small Translate (Agentic) 218B (25B) 79.0 73.5
North Small Translate 218B (25B) 78.3 72.6
Mistral Large 3 675B (41B) 72.0

Qwen 3.5 397B 397B (17B)

DeepL NextGen

Gemma 4 31b 31B (31B) b b b

Inkling Small 276B (12B) o b X b o . d 80.1 73.1

Muse Glimmer 30B 30B (30B)

o 73.8
Command A+ 218B (25B) 76.5

850 829 71.8 65.9

European
Arabic Portuguese

GLM 5.2 744B (40B) 76.5 850 809 73.8 69.5
Mistral Medium 3.5 128B (128B) 75.7 83.0 85.0 67.7 61.1
GPT-OSS 120B 117B (5B) g d 75.0 62.5 o

Command A Translate (2025) 111B (111B)
Google Translate

Nemotron 3 Ultra 550B 550B (55B)
Qwen 3.6 27B 27B (27B)

Filipino Finnish French German Greek Hebrew Hindi Hungarian Icelandic Indonesian Irish Italian Japanese

North Small Translate (Agentic)

North Small Translate

Mistral Large 3

Qwen 3.5 397B

DeepL NextGen

Gemma 4 31b

Inkling Small

Muse Glimmer 30B 829  59.1

Command A+ 736 782 ' ! 53.7 80.1 542 848 79.4
GLM 5.2 607 724 517 841 [NO00Y
Mistral Medium 3.5 708 728 48.8 839 449 863 84.9
GPT-OSS 120B 75.0 76.7 70.2 55.7 80.0 507 | 794 799

Command A Translate (2025)
Google Translate

Nemotron 3 Ultra 550B
Qwen 3.6 27B

42.1 82.0 384

Norwegian
Bokmal

Korean Latvian Lithuanian Malay Maltese Panjabi Persian Polish Romanian Russian Serbian

North Small Translate (Agentic)
North Small Translate

Mistral Large 3

Qwen 3.5 397B

DeepL NextGen

Gemma 4 31b

Inkling Small

Muse Glimmer 30B
Command A+

GLM 5.2

Mistral Medium 3.5
GPT-0OSS 120B

Command A Translate (2025)
Google Translate

Nemotron 3 Ultra 550B
Qwen 3.6 27B d 82.1 71.8
Slovak  Slovenian Spanish Standa_u'd Swedish Tamil Telugu Thai Trad'mona.l Turkish Ukrainian Urdu Vietnamese
Arabic Chinese

North Small Translate (Agentic)
North Small Translate
Mistral Large 3

Qwen 3.5 397B

DeepL NextGen

Gemma 4 31b

Inkling Small

Muse Glimmer 30B
Command A+

GLM 5.2

Mistral Medium 3.5
GPT-OSS 120B

Command A Translate (2025)
Google Translate

Nemotron 3 Ultra 550B
Qwen 3.6 27B

Table 6: Machine translation quality of every supported language of the WMT?26 test set.
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A  GEMBA-ESA Fluency+Adequacy
Template

A.1 System prompt

You are an impartial judge whose task is to analyze machine
< translation outputs and evaluate their quality.

Based on the provided source text, target language,
translation guidelines, and translation output, identify
translation errors and assess their severity. Then
evaluate the quality of the translation according to the
provided rubric criteria. For each criterion, provide a
brief rationale in English and a score within the allowed
range.

el

m

rrors have "quote”, "severity”, and "category” attributes.
The "quote” value should quote the part of the
translation that contains the error. Use minor severity
for imperfections or stylistic issues that do not impact
the core message (e.g., awkward phrasing). Use major
severity for errors that obscure the meaning,
misrepresent the source, or change the message (e.g.,
incorrect information or confusing wording). The category
must be one of: "accuracy”, "fluency”, "terminology"”,
"style”, "locale"”, "design"”, "mistranslation”,
"omission”, "addition"”, "untranslated”, "grammar”
"spelling”, "punctuation”, "register”, "unidiomatic”,
"inconsistency”, or "other”. If the error span is longer
than a few words, use an ellipsis (...) to shorten it. If
the error concerns the entire translation, such as a
translation in the wrong language, set "quote” to
"FULL_TRANSLATION". For omissions (missing source
content), set "quote” to the adjacent translation words
with "OMISSION” between them. If there are no errors, set
"errors” to an empty array.

R A A

Return your error analysis and quality evaluation as a
< single, strictly valid JSON object matching the provided
< output format.

A.2 User prompt

## Evaluation rubric

- Fluency score [key: fluency]: Measures how natural and

< grammatically correct the translation reads in the target
< language. (score: @ to 100)

- Adequacy score [key: adequacy]: Measures how completely the
< meaning of the source is conveyed by the translation.

< (score: @ to 100)

## Additional judging rules

### Important rules

- Hallucinations are major adequacy errors and should be

< penalized severely.

- Outputs in the wrong language, dialect, or script are major
< fluency errors and should be penalized severely. Borrowed
< words are allowed if valid in the target language.

- Check translation consistency (e.g., technical terms)

< across the entire text.

- Over-translation and extraneous text (e.g., introductory
< statements like "Here is your translation” or unprompted
< explanations) are major adequacy errors.

- Count guideline adherence issues toward the adequacy score;
< for these errors, set "quote” to the corresponding

< guideline.

### Adequacy scale

- 81-100 (Very Good): Complete meaning transfer; no

< information is lost, added, or distorted.

- 61-80 (Good): Near-complete transfer; minor inaccuracies or
< omissions that do not affect the core message.

- 41-60 (Acceptable): Main ideas conveyed, but noticeable

< 1inaccuracies, omissions, or additions.

- 21-40 (Borderline): Partial transfer; frequent

< misinterpretation or omission confusing the core message.
- 0-20 (Not acceptable): Complete violation of meaning; large
< portions mistranslated, hallucinated, or missing.

### Fluency scale

- 81-100 (Very Good): Perfectly natural and grammatical;

< reads like a native text; requires no or minimal

< proofreading.

- 61-80 (Good): Mostly natural; minor awkwardness or slight
< grammatical imperfections; needs light proofreading.

- 41-60 (Acceptable): Uneven naturalness; noticeable awkward
< phrasing or structural issues; usable only after

< substantial revision.

- 21-40 (Borderline): Often unnatural; frequent grammatical
< errors that impede reading flow; requires major rewrite.
- 0-20 (Not acceptable): Incoherent, structurally broken,

< incomprehensible, or in the wrong language, dialect, or
< script; unusable without complete retranslation.

## Source text

{{SOURCE_TEXT}}

## Translation language or dialect
{{TARGET_LANGUAGE _OR_DIALECT}}

## Translation guidelines
{{TRANSLATION_GUIDELINES}}

## Translation output

{{TRANSLATION_OUTPUT}}

## Expected output format
Return a single, strictly valid JSON object with the
< following schema:

json
{
"errors”: [
{
"quote”: "<string>",
"severity”: "minor|major",
"category”: "<string>"
3
1,
"fluency”: {
"rationale”: "<string>",
"score”: "<number>"
3,
"adequacy”: {
"rationale”: "<string>",
"score”: "<number>"
3

Every string value must be valid JSON: escape each backslash
< as \\ and each double quote as \". Do not emit raw
< control characters or trailing commas.
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