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Abstract

This paper describes Tilde’s submission to the
unconstrained track of the WMT 2026 Model
Compression task in the Czech-German di-
rection. Our baseline is TildeOpen-15B-64k,
a model distilled from the TildeOpen-30B-
64k European foundation model. We adapt
it for CS-DE translation, using supervised fine-
tuning followed by GRPO-based reinforcement
learning. From this baseline, we explore two
axes of compression: post-training quantisa-
tion and knowledge distillation. For quanti-
sation, we use LLM Compressor to produce
a GPTQ-calibrated model with 4-bit NVFP4
weights (10.1 GB, x3 smaller than the 30.3 GB
footprint of the 15B baseline) and a data-free
RTN model with FP8 weights and activations
(16.3 GB). In parallel, we prune and distil the
base 15B model into an 8B student and fine-
tune it with the same supervised fine-tuning
recipe. Applying the two quantisation schemes
to the 8B model yields our smallest models at
8.9GB and 5.7 GB. The latter is over x5 more
compact and x 1.8 faster than the 15B baseline.
Evaluation on four test sets across a variety
of metrics shows that quantisation and distilla-
tion have minimal impact on translation quality.
The NVFP4-quantised 15B model offers the
best quality/size/speed trade-off and is our pri-
mary submission for this competition. All six
models are publicly released.

1 Introduction

This system description paper details Tilde’s sub-
mission to the WMT 2026 Model Compression
task!, which challenges participants to reduce the
deployment cost of a large language model—in
terms of size and inference speed—while preserv-
ing translation quality.

We take part in the unconstrained track and par-
ticipate only in the Czech-German direction. We

“Work carried out while at Tilde

1h'ctps ://www2.statmt.org/wmt26/model-
compression.html

pick this direction because all our models are ulti-
mately based on TildeOpen-30B (Bergmanis et al.,
2026), a multilingual European foundation model
developed by Tilde with the explicit goal of equi-
table performance across all European languages.
Building the submission on the TildeOpen family
lets us leverage first-hand knowledge of the model
internals and our prior experience deriving produc-
tion MT systems? from it, and CS-DE is a language
pair where this European focus translates into a
strong, competitive baseline.

Our submission explores two complementary
compression axes and their combination: (i) post-
training quantisation to FP8 and NVFP4 using
LLM Compressor>, and (ii) structured pruning fol-
lowed by knowledge distillation into an 8B stu-
dent, after which the same quantisation schemes
are applied to the distilled model. This results in
six models ranging from 30.3GB on disk down to
only 5.7GB: a 15B baseline, its two quantised ver-
sions, an 8B distilled model, and its two quantised
versions.

The 15B baseline is itself a product of distil-
lation: it was obtained by pruning and distill-
ing TildeOpen-30B-64k into TildeOpen-15B-64k.
However, since the unconstrained track requires
the original model to be below 20B parameters,
TildeOpen-30B cannot serve as the starting point
of a submission, and the 30B—15B distillation
consequently falls outside the scope of the shared
task. The resulting TildeOpen-15B-64k, on the
other hand, is eligible and thus serves as our start-
ing point. We nevertheless describe the 30B—15B
distillation procedure in detail, both as a neces-
sary context for the baseline and because the same
pruning and distillation recipe is used to derive the
8B models included in this submission. All large-

2https://tilde.ai/translate/tilde—machine—
translation/

3https://github.com/vllm—pr‘oject/llm—
compressor
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scale pruning, distillation and fine-tuning runs were
performed on the JUPITER supercomputer* at the
Jiilich Supercomputing Centre.

All six submission models are publicly available
in a dedicated HuggingFace collection’, and the
submission repo with inference code is available
on GitHub®.

2 Baseline Model

Our starting point is TildeOpen-15B-64k, distilled
from TildeOpen-30B-64k’ — the 64k-context ver-
sion of TildeOpen-30B® (Bergmanis et al., 2026).
This section covers the pruning and distillation used
to obtain the 15B model, followed by its adaptation
to the CS-DE direction via supervised fine-tuning
and reinforcement learning. The resulting model
is our baseline for the WMT 2026 compression
task.

2.1 Model Pruning

We closely follow NVIDIA’s work on model prun-
ing and knowledge distillation (Muralidharan et al.,
2024; Sreenivas et al., 2024). We first perform
TildeOpen-30B-64k — TildeOpen-15B-64k prun-
ing by following the Minitron-8B recipe (Muralid-
haran et al., 2024) and using a custom HPC fork of
the NVIDIA-NeMo framework®. We use a small
calibration set of 1024 examples, sampled from
the context extension phase of TildeOpen 30B-
64k. The calibration data uniformly covers all the
target European languages and consists of a mix-
ture of TildeOpen-30B base training data (Bergma-
nis et al., 2026), including code and parallel data,
FinePDFs'? and synthetic data based on the KNOT
approach(Tian et al., 2025).

We decided to prune width only and shrink the
embedding dimension and the FFN intermediate
size to 2/3 of the original, i.e., 6,144 — 4,096 and
21,504 — 14,336, respectively. We performed no
further architecture search. For embedding chan-
nels, we apply pruning to MLP, MHA and Layer-
Norm layers. For neuron pruning (FFN intermedi-

4https://www.fz—juelich.de/en/jupiter
5https://huggingface.co/collections/TildeAI/
wmt26-compression-task
°https://github.com/tilde—nlp/wmt26—
compression
7https://huggingface.co/TildeAI/TildeOpen—30b—
64k
8https://huggingface.co/TildeAl/TildeOpen-30b
*https://github.com/nvidia-nemo
10https://huggingface.co/spaces/HuggingFaceFW/
FinePDFsBlog

ate size), only the MLP layer is trimmed. This re-
duces the model size from 30.678B to 15.167B. In
line with the Minitron-8B recipe, we use activation-
based importance estimation, calculated only dur-
ing the forward pass. Pruning was performed on
the 4 NVIDIA GH200 GPUs on the Jupiter HPC.

2.2 Knowledge Distillation

After pruning the model, we employ knowledge
distillation with the original 30B-64k model as
the teacher, as knowledge distillation has been
shown to yield much better downstream results
than simple retraining, even when accounting for
the compute overhead of knowledge distillation in
a compute-controlled setting (Muralidharan et al.,
2024; Sreenivas et al., 2024). For knowledge dis-
tillation, we use training data from the TildeOpen-
30B-64k context extension phase. Therefore, we
do not need to employ teacher correction. The orig-
inal Minitron recipe uses 100B tokens to recover an
8B pruned student from a 15B teacher (Muralidha-
ran et al., 2024). Because we work at roughly x2
the scale—recovering a 15B-pruned student from
a 30B teacher—we aim for at least x2 the recov-
ery data and settle for 300B tokens, since, contrary
to Minitron, our models are heavily multilingual.
This results in x 1.5 upsampling of the previously
mentioned 200B tokens from the context extension
phase data.

We train the student model on the teacher’s logits
using only the Kullback-Leibler (KL) divergence
loss (Hinton et al., 2015) and no hard-label cross
entropy. We use learning rate cosine annealing
(Loshchilov and Hutter, 2017), with 200-step linear
warmup for a total of 18,000 steps. Training was
performed on 1024 Nvidia GH200’s from Jupiter
HPC.

The obtained model is then compared against the
original 30B-64k baseline on English-only versions
of ARC (Clark et al., 2018), MMLU (Hendrycks
et al., 2020), and HellaSwag (Zellers et al., 2019).
Although these datasets are Anglo-centric and
therefore not a good proxy for the multilingual
capabilities of the TildeOpen model family, we
nonetheless chose them to enable a direct com-
parison with Minitron-8B’s reported performance
degradation. The results are shown in Table 1 and
were obtained using the Language Model Evalua-
tion Harness'! (Gao et al., 2024).

11https://github.com/EleutherAI/lm—evaluation—
harness
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TildeOpen-30B  TildeOpen-15B

ARC-C (25) 0.596 0.525
MMLU (5) 0.592 0.540
HellaSwag (10) 0.829 0.787

Table 1: Performance comparison of TildeOpen-30B
and TildeOpen-15B on English-only benchmarks. Re-
ported value is acc_norm (acc for MMLU), and the
number in parentheses indicates the fewshot amount.

The results show a 5-12% degradation across
the English benchmarks w.r.t. the original model
when distilling a multilingual model supporting
34 languages. This is comparable to the 4-10%
degradation reported for the English-only Minitron-
8B (Muralidharan et al., 2024) and indicates that
the distillation was successful.

To further validate the success of distillation, we
perform a downstream evaluation by fine-tuning
TildeOpen-30B and TildeOpen-15B for the trans-
lation task. We use the WMT24++ (Deutsch et al.,
2025) evaluation set to evaluate the results on select
European translation pairs, mirroring the evalua-
tion in our previous work (Bergmanis et al., 2026).
Both models are trained using the same training
recipe on the same closed-source dataset. We re-
port average COMET!? (Rei et al., 2022) score for
each model—source language combination in Ta-
ble 2, where the target group (XX) consists of the
following languages: BG, CS, DA, DE, EN, ES,
ET, FI, FR, HR, HU, IS, IT, LT, LV, NL, NO, PL,
PT, RO, RU, SK, SL, SR, SV, and TR.

WMT24++ TildeOpen-30B TildeOpen-15B
EN-XX 0.839 0.836
DE-XX 0.831 0.829
FR-XX 0.825 0.822
PL-XX 0.827 0.824
UK-XX 0.822 0.820
LT-XX 0.817 0.815

Table 2: Results of automatic translation quality eval-
uation between translation fine-tuned TildeOpen-30B
and TildeOpen-15B, as measured by COMET on the
WMT24++ dataset.

The results in Table 2 show COMET score dif-
ferences of 0.002 to 0.003, indicating that the fine-
tuned 15B model is on par with the 30B model with
respect to the automatic metric and the WMT24++
dataset. These results further validate the distilla-
tion process.

12https ://huggingface.co/Unbabel/wmt22-comet-
da

2.3 Supervised Fine-tuning

Having successfully distilled the TildeOpen-15B
foundational model, we adapt it for CS-to-DE trans-
lation.

For training data, we use a mixture of publicly
available and proprietary in-house parallel corpora.
To bolster the number of unique examples and
potentially leverage language similarity in trans-
fer learning, we complement the CS-DE language
pair with other Germanic and Slavic languages.
More specifically, we include Czech-XX and XX-
German translation pairs, where XX denotes DA,
NL, EN, DE, SV, BG, HR, CS, PL, SK, SL, and NO.
The frequency distribution across all language pairs
is close to uniform. In addition to the general trans-
lation task data, we add data covering more comple-
mentary tasks, such as translation with terminology
glossaries, translation memories, and formatting
tags. We add the extra tasks to increase the number
of unique data points. All data types and languages
include sentence and document-level data. Our fi-
nal supervised fine-tuning (SFT) dataset consists of
200M unique tokens, which we upsample to a max-
imum of 8 times, yielding a total of 1.46B tokens.
A more detailed dataset breakdown is available in
Table 3.

We use a custom version of GPT-Neox'? (Ando-
nian et al., 2023) on Jupiter HPC to train the model
for 370 iterations with a batch size of 4M tokens
and 1-sqrt learning rate cool-down from the very
start of training.'*

2.4 Reinforcement Learning

We apply reinforcement learning (RL) on the fine-
tuned checkpoint to further improve translation
quality. We use Group Relative Policy Optimisa-
tion (GRPO) (Shao et al., 2024) and follow Trans-
lateGemma (Finkelstein et al., 2026), and Omnilin-
gual MT (Omnilingual MT Team et al., 2026) in
choosing MetricX (Juraska et al., 2024) as one
of the rewards. COMET is selected as another,
making the final reward a 50/50 combination of
normalised MetricX and COMET scores.
Following the suggestion that there should be
no overlap between SFT and RL training sam-
ples (Su et al., 2026), we use a 50k small, mainly
sentence-level held-out subset of high-quality CS-
DE general translation data from our supervised

13https ://github.com/tilde-nlp/11m-gpt-neox

“This setup falls into the lower range of update steps due
to time limitations; in our experience, training for thousands
of updates on smaller batches yields better results.
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Task Samples Tokens Trainable tokens  Share
General 59M  888M 399M  62.7%
Glossary 61K 161M 65M  10.2%
Translation memory 115K 358M 145M  22.8%
Tags 116K 56M 27TM 4.3%
Total 6.2M  1.46B 636M 100.0%

Table 3: Breakdown of the final SFT mixture by translation task. General is standard sentence- and document-level
translation; Glossary, Translation memory, and Tags add conditioning on a supplied glossary, translation-memory
matches, and inline markup. Share denotes the percentage of trainable tokens.

fine-tuning mix. For data samples spanning sev-
eral paragraphs, we compute per-paragraph average
MetricX/COMET scores and treat missing or hal-
lucinated paragraphs as Os in the calculation. We
train the model for 1000 updates, with a batch size
of 48, a rollout of 8, a sampling temperature of 0.4,
and an AdamW optimiser (Loshchilov and Hutter,
2019). To limit divergence from the initial model,
we include a low-variance KL regularisation term
against the frozen reference policy with a coeffi-
cient of 0.003. Training is performed locally, using
the VERL' framework, on 4 NVIDIA H200 GPUs.
Compared to the SFT-only checkpoint, we observe
modest improvements across a variety of test sets.
The results are shown in Table 6 and are further
discussed in Section 5.

The resulting SFT-RL model serves as our
Baseline for the WMT 2026 compression task
in the CS-DE direction. It has 15B parameters,
weighs ~30 GB, and achieves 110 tokens/s on a sin-
gle NVIDIA H100 GPU using vLLM. The model
is available on Tilde’s HuggingFace'® and should
be prompted as "Translate the following text from
Czech to German: {source}".

3 15B Model Family

From our Baseline model, we derive two 15B
quantised versions, one in FP8 and one in FP4.
Throughout this submission, we rely on LLM Com-
pressor for quantisation due to its seamless inte-
gration with vLLM, our chosen inference engine.
Resulting models’ performance metrics and asso-
ciated evaluation method are covered in Section 5
and Table 7.

Bhttps://github.com/verl-project/verl
16https://huggingface.co/TildeAI/TildeOpen1SB—
64k-wmt26-compression-task-cs-de

3.1 15B-RTN-fp8-dyn

We compress the Baseline model using data-free
round-to-nearest (RTN) W8AS8 FP8 post-training
quantisation with LLM Compressor, by applying
the FP8_DYNAMIC scheme to all linear layers except
the final layer. Targeted weights are quantised to
FP8 using static per-channel scales, while activa-
tions are dynamically quantised to FPS at inference
time using per-token scales. Consequently, the
quantisation procedure requires neither a calibra-
tion dataset nor calibration forward passes. We
chose dynamic activation scaling over static cali-
bration because it adapts to activation ranges ob-
served during inference and is therefore less prone
to overfitting in the calibration domain. Addition-
ally, vLLMs’ dedicated kernels make the activation-
quantisation runtime overhead small in practice.

The resulting quantised checkpoint is our
15B-RTN-fp8-dyn model for the WMT 2026 com-
pression task in the CS-DE direction. It has 15B
parameters, consumes ~16 GB of disk space, and
achieves 156 tokens/s on a single NVIDIA H100
GPU using vLLM. The model is available on
Tilde’s HuggingFace'” and should be prompted
the same as Baseline.

3.2 15B-GPTQ-nvfp4al6

We compress the Baseline model using GPTQ-
based (Frantar et al., 2022) NVFP4 weight-only
post-training quantisation with LLM Compressor,
by applying the NVFP4A16 scheme to all linear lay-
ers except Im-head. Targeted weights are quantised
to 4-bit NVFP4 with a global per-tensor scale and
local scales applied to groups of 16 weights, while
activations remain unquantised at 16-bit precision.
Unlike RTN, GPTQ uses calibration forward passes
to collect layer-input statistics and reduce the re-

17https://huggingface.co/TildeAI/TildeOpen1SB—
64k-wmt26-compression-task-cs-de-fp8-dyn
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construction error.

Our calibration data consists of 512 examples
of the general CS-DE task from the SFT dataset.
We find that adding data seen during GRPO does
not yield any improvements, and calibrating on in-
domain, but unseen SFT data leads to degradation.

The resulting quantised checkpoint is our
15B-GPTQ-nvfp4al16 model for the WMT 2026
compression task in the CS-DE direction. It has
15B parameters, weighs ~10.1 GB, and achieves
156 tokens/s on a single NVIDIA H100 GPU using
vLLM. The model is available on HuggingFace '8
and should be prompted the same as Baseline.

Unfortunately, Hopper-generation GPUs, includ-
ing the H100 used for WMT 2026 evaluation, do
not support native NVFP4 computation. vLLM
therefore falls back to a Marlin weight-only kernel,
which keeps the weights packed in FP4 but dequan-
tises them on the fly. The model thus retains its
smaller disk and GPU memory footprint but can-
not benefit from native FP4 arithmetic acceleration
and performs similarly to FP8 on the evaluation
hardware.

4 8B Model Family

In addition to our 15B model family, we develop
3 more CS-DE models of 8B size. We start by
further distilling the previously distilled TildeOpen-
15B-64k student model into the TildeOpen-8B-64k
base model. This version is then fine-tuned and
quantised using approaches similar to those for
the 15B models, resulting in the 8B model family.
The performance metrics and associated evaluation
methods for the resulting models are covered in
Section 5.

4.1 Distillation of 8B Base Model

We first prune the TildeOpen-15B-64k base model
to ~8B parameters by targeting the model width,
as well as shrinking the embedding dimension and
the FFN intermediate size to 11/16 of the origi-
nal, i.e., 4,096—2,816 and 14,336—9,856, respec-
tively. For everything else, we follow the exact
same approach as in Section 2.1, using Jupiter
HPC’s 4 NVIDIA GH200 GPUs, thereby reducing
the model size from 15.167B to 8.157B.
Similarly, we follow the distillation method of
Section 2.2, using the TildeOpen-15B-64k as the
teacher. We expect a greater quality drop when

lXhttps ://huggingface.co/TildeAI/TildeOpen15B-
64k-wmt26-compression-task-cs-de-fp4al6

distilling to an 8B student model compared to a
15B student model. To address this, we increase
the distillation dataset to 400B tokens, which is
100B more than used in the 30B— 15B distillation.
We use Jupiter HPC’s 512 Nvidia GH200 GPUs
and acquire the distilled 8B student in 47600 steps.
We use the same distillation procedure as before.
To validate the distillation, we follow the two-
step validation described in Section 2.2. Results
for English-only versions of ARC, MMLU, and
HellaSwag are shown in Table 4, and results for the
downstream translation task are shown in Table 5.

TildeOpen-15B  TildeOpen-8B

ARC-C (25) 0.525 0.508
MMLU (5) 0.540 0.495
HellaSwag (10) 0.787 0.738

Table 4: Performance comparison of TildeOpen-15B
and TildeOpen-8B on English-only benchmarks. Re-
ported value is acc_norm (acc for MMLU), and the
number in parentheses indicates the fewshot amount.

WMT24++ TildeOpen-15B  TildeOpen-8B
EN-XX 0.836 0.833
DE-XX 0.829 0.828
FR-XX 0.822 0.820
PL-XX 0.824 0.822
UK-XX 0.820 0.818
LT-XX 0.815 0.813

Table 5: Results of automatic translation quality eval-
uation between translation fine-tuned TildeOpen-15B
and TildeOpen-8B, as measured by COMET on the
WMT24++ dataset.

Table 4 shows performance differences across
ARC, MMLU, and HellaSwag that are consistent
with those reported in Minitron-8B (Muralidharan
et al., 2024) for the same size distillation, and do
not exceed 9%. Similarly, results from Table 5
show COMET decreases between 0.001 and 0.003,
indicating a successful distillation.

4.2 8B CS-DE Translation Models

Using the distilled 8B model, we first create our
8B-distil submission model by applying the
same post-training recipe as for the baseline
model, except that we skip reinforcement learning
due to lack of time. The resulting SFT model has
8B parameters, consumes ~16 GB of disk space,
and achieves 164 tokens/s on a single NVIDIA
H100 GPU using vLLM. The model is available
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Figure 1: Aggregate translation quality versus model size (left) and decoding speed (right). Dashed lines mark the
Pareto frontier; 15B-GPTQ-nvfp4al6 is our primary submission.

Test set COMET} MetricX| ChrF++f BLEUt
WMT24++ 4+0.0004 —0.029 —0.60 —0.41
WMT25 +0.0021 —0.131  —0.18 +0.34
FLORES-200 Sent —0.0014 40.015  —0.50 —0.33
FLORES-200 Doc  —0.0018 +0.114  —0.06 +0.12
NTREX Sent 40.0018 —0.059  +0.04 +0.26
NTREX Doc 40.0013  +0.054 —0.06 +0.30

Table 6: Effect of RL post-training on the 15B model
for CS-DE across six test settings. Entries report score
differences between the SFT+RL and SFT-only check-
points, A = SFT+RL — SFT. Positive differences
indicate improvement for COMET, ChrF++, and BLEU;
negative differences indicate improvement for MetricX.

on Tilde’s HuggingFace'® and should be prompted
the same as Baseline.

We then apply the same quantisation recipes
as in Sections 3.1 and 3.2 to produce two com-
pressed versions of 8B-distil: 8B-RTN-fp8-dyn
and 8B-GPTQ-nvfp4al6. The former consumes
~9 GB of disk space, the latter — 5.7 GB; both
reach 200 tokens/s on an H100 GPU. Both models
are available on HuggingFace?":2!.

5 Model Evaluation

To select our primary submission, we evaluate all 6
models using WMT 2026 recommended automatic

Yhttps://huggingface.co/TildeAI/TildeOpen8B-
64k-wmt26-compression-task-CS-DE

20https://huggingface.co/TildeAI/TildeOpenBB—
64k-wmt26-compression-task-cs-de-fp8-dyn

21https://huggingface.co/TildeAI/TildeOpenSB—
64k-wmt26-compression-task-cs-de-fp4al6

translation quality evaluation metrics and the sug-
gested evaluation sets. Namely, we use: WMT25%2,
WMT24++, FLORES-200 (NLLB Team, 2024),
and NTREX (Federmann et al., 2022; Barrault
et al., 2019). For FLORES-200 and NTREX, we
conduct both sentence-level and document-level
evaluations. As for the metrics, we use COMET
and MetricX. Additionally, we opt for two non-
neural metrics: ChrF++ (Popovié, 2017) and BLEU
(Papineni et al., 2002). For document-level tests,
we report sentence average COMET and MetricX.
We report effect of RL training from Subsection 2.4
in Table 6. Table 7 summarises translation quality
evaluation results, while Table 9 reports 95% con-
fidence intervals showing the uncertainty in each
model’s score differences from Baseline. Finally,
Table 8 reports models’ size on disk and through-
put, measured using vLLLM on a single NVIDIA
H100 GPU with no prefix caching and batch size
1.

Table 6 shows that RL further improves the
15B model’s COMET and MetricX scores on both
WMT benchmarks and NTREX Sent, as compared
to the SFT checkpoint. The largest neural-metric
gains occur on WMT25, where COMET increases
by 0.0021 and MetricX decreases by 0.131, ac-
companied by a 0.34-point BLEU improvement.
Notably, BLEU improves in four of the six test
settings despite not being included in the RL re-
ward, showing that the observed benefits are not

22https://github.com/wmt—conference/wthS—
general-mt

2011


https://huggingface.co/TildeAI/TildeOpen8B-64k-wmt26-compression-task-CS-DE
https://huggingface.co/TildeAI/TildeOpen8B-64k-wmt26-compression-task-CS-DE
https://huggingface.co/TildeAI/TildeOpen8B-64k-wmt26-compression-task-cs-de-fp8-dyn
https://huggingface.co/TildeAI/TildeOpen8B-64k-wmt26-compression-task-cs-de-fp8-dyn
https://huggingface.co/TildeAI/TildeOpen8B-64k-wmt26-compression-task-cs-de-fp4a16
https://huggingface.co/TildeAI/TildeOpen8B-64k-wmt26-compression-task-cs-de-fp4a16
https://github.com/wmt-conference/wmt25-general-mt
https://github.com/wmt-conference/wmt25-general-mt

15B-RTN 15B-GPTQ SB-distil 8B-RTN 8B-GPTQ

Baseline -fp8-dyn  -nvfp4alé -fp8-dyn -nvfp4alé

COMET  0.817 = -0.003 20001 | =0003  -0.003 -0.004

MetricX 2.56 0.04 0.01 0.07 0.05 0.10

WMTI24++ ChrF++ 51.17 042 -0.09 0.65 0.42 059
BLEU 24.65 -0.58 008"  -089  -054 -091

COMET  0.784 0.001 0003 -0.001  -0.003 -0.003

MetricX 5.03 -0.03 0.07 0.09 0.07 0.13

WMT25 ChrF+ 58.68 023 027 WEETARET03 -1.25
BLEU 37.51 047 045 | -133  -124 -1.63

COMET 0875 0.001 0000  -0001  -0.001 20,001

MetricX 1.41 0.01 0.00 0.07 0.05 0.04

FLORES-200 Sent o ", 55.01 20,10 005 -042 2039 -0.38
BLEU 29.36 019 005  -066  -0.60 067

COMET  0.869 0.000 0.000  -0.002  -0.001 -0.003

MetricX 224 0.03 004 007 -002 -0.10

FLORES-200 Doc  ( po/) 58.78 0.15 20,02 [ 20,89 077 -0.81
BLEU 31.27 025 009" -1.16  -085 -1.06

COMET  0.856 0.000 0001  -0001  -0.002 -0.003

MetricX 1.82 0.03 0.02 0.05 0.05 0.04

NTREX Sent ChrF+ 52.60 0.13 022 U760 057 -0.83
BLEU 26.44 026 033 -1.04  -079 -1.08

COMET 0858 0.002 0005000037 0.000 -0.005

MetricX 4.74 -0.18 027 0.01 -0.05 0.15

NTREX Doc ChrF4+ 60.79 -0.02 -0.08 0.13 0.13 011
BLEU 29.60 005 006 -0.10  -0.13 -0.34

Table 7: Automatic evaluation of all six submission models on CS-DE across six test sets. The Baseline column
reports absolute scores, while the remaining columns report differences relative to Baseline. Higher is better for
COMET, ChrF++, and BLEU; lower is better for MetricX.

. 15B-RTN  15B-GPTQ . ... 8B-RTN 8B-GPTQ

Baseline -fp8-dyn  -nvfp4al6 8B-distil -fp8-dyn  -nvfp4al6

Size on disk [GB] 30.3 16.3 10.1 16.3 8.9 5.7
Throughput [tokens/s] 110 156 156 164 200 200

Table 8: Comparison of submission models’ size on disk and throughput.

confined to the optimised metrics. The gains are
not universal: both FLORES-200 settings show
lower neural-metric performance, NTREX Doc has
mixed neural-metric results, and ChrF++ decreases
in five settings. Overall, the results support RL
as a useful refinement of the SFT baseline, with
the clearest benefits on WMT25 and NTREX Sent.
However, further human-eval would be necessary
to confirm this conclusion.

Tables 7 and 8 guide the selection of the pri-
mary submission. To compare models, we con-
struct an aggregate quality score. For each metric—
test-setting combination, we rescale the six models’
scores so that the worst receives 0 and the best
receives 1, with intermediate scores placed pro-
portionally and lower MetricX scores treated as
better. We then average the rescaled scores over

all 24 combinations of four metrics and six test
settings.. Figure 1 plots this score against model
size and throughput. The dashed line marks the
Pareto frontier, which contains the models that
no alternative beats in both quality and deploy-
ment cost. Both quantised 15B models clearly out-
perform the 8B variants in quality. At the same
time, 15B-GPTQ-nvfp4a16 matches the quality of
15B-RTN-fp8-dyn at a x 1.6 smaller footprint. It
also has identical speed on H100 due to the lack
of native FP4 support. In practice, we expect the
FP4 models to be faster than their FP8 counter-
parts on Blackwell architecture GPUs. The con-
fidence intervals in Table 9 provide further sup-
port for selecting the 15B NVFP4 model. For
both quantised 8B models, the BLEU differences
from Baseline remain below zero across the full
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15B-RTN 15B-GPTQ SB-distil 8B-RTN 8B-GPTQ
-fp8-dyn -nvfp4alé -fp8-dyn -nvfp4al6
WMT24++
COMET —0.0018/-+0.0017 —0.0020/40.0020 —0.0030/+0.0030 —0.0031/+0.0031 —0.0031/40.0031
MetricX  —0.034/+0.034 —0.040 / +0.039 —0.056 / 40.055 —0.059 / 4-0.057 —0.062 / +0.062
ChrF++ —0.30/+0.27 —0.32/+0.30 —0.52 /+0.48 —0.43/+0.44 —0.42 /+0.42
BLEU —0.34/+0.33 —0.34/40.35 —0.97 /+0.49 —0.52 /40.52 —0.53 /+0.54
WMT25
COMET —0.0040/-+0.0047 —0.0039 /40.0037 —0.0058 /+40.0059 —0.0060 /-+0.0058 —0.0063 /+0.0062
MetricX — —0.117/40.117 —0.131/+40.131 —0.185/+40.180 —0.183 /40.183 —0.201 / 40.196
ChrF++ —0.43 /4+0.48 —0.37 /+0.37 —0.66 / +0.64 —0.55/40.55 —0.71/+0.70
BLEU —0.52 /40.59 —0.48 / +0.60 —0.76 / +0.97 —0.84 /+1.01 —0.95/+1.11
FLORES-200 Sent
COMET —0.0007 /+0.0007 —0.0009 /40.0009 —0.0014 /+0.0014 —0.0014 /+0.0014 —0.0013 /+0.0013
MetricX  —0.017 /+40.017 —0.021 / 4+0.021 —0.033 /+0.034 —0.033 /+0.033 —0.031 /+0.031
ChrF++ —0.20/+0.20 —0.24 /+0.24 —0.35/+0.35 —0.35/+40.35 —0.35/+0.35
BLEU —0.31/40.31 —0.34/+0.34 —0.52 /+0.52 —0.52 /40.52 —0.52 /+0.52
FLORES-200 Doc
COMET -0.0013/+0.0014 —0.0015/40.0016 —0.0022/+0.0022 —0.0021/+0.0022 —0.0023 /40.0023
MetricX ~ —0.051/+0.062 —0.042 / +0.039 —0.153 /40.143 —0.138 / +0.129 —0.162 / +0.148
ChrF++ —0.20/+0.19 —0.20 /+0.20 —0.36 / +0.36 —0.34/40.34 —0.34/+0.34
BLEU —0.31/40.31 —0.32/+0.32 —0.52 /+0.52 —0.51/+40.51 —0.51/+40.51
NTREX Sent
COMET -0.0010/-+0.0010 -0.0011/40.0011 —0.0017/40.0017 —0.0018/+0.0018 —0.0018/40.0018
MetricX  —0.020 / +0.021 —0.025 / +0.025 —0.037 /40.038 —0.040 / 4-0.040 —0.039 / +0.039
ChrF++ —0.18 /40.18 —0.21/40.21 —0.32/+40.32 —0.32/+40.32 —0.32/+0.33
BLEU —0.27 /40.27 —0.30 /40.30 —0.47 / +0.47 —0.46 / +0.46 —0.46 / +0.47
NTREX Doc
COMET —0.0053/-+0.0066 —0.0072/40.0058 —0.0097/+0.0101 —0.0106/-+0.0108 —0.0126 /+40.0122
MetricX  —0.352/40.310 —0.432 / +0.486 —0.343 /+0.344 —0.388 /+0.380 —0.440 / +0.444
ChrF++ —0.16 /+0.15 —0.21/+40.20 —0.69/+1.16 —0.69/+1.17 —0.72 /+1.16
BLEU —0.26 / 4-0.26 —0.31/+40.31 —0.64 / +0.82 —0.67 /+0.84 —0.69 / +0.83

Table 9: Asymmetric 95% paired-bootstrap uncertainty offsets for the candidate-minus-Baseline differences in
Table 7, based on 50,000 resamples. Each entry is —¢/ + u, giving the distances from the unrounded difference A
to its lower and upper percentile limits: [A -/, A+ u]. Offsets are calculated before rounding, so reconstructing
limits from the printed values is approximate. The document runs resample document entries.

95% confidence interval in five of the six test set-
tings. For 15B-GPTQ-nvfp4al6, this occurs only
on NTREX Sent. Under the same criterion, the
8B NVFP4 model also shows COMET losses in
three settings, whereas no such loss is detected for
the 15B NVFP4 model. Together with the Pareto
analysis, these results favour 15B-GPTQ-nvfp4al6
as a compromise that prioritises preserving transla-
tion quality over the additional size and speed gains
offered by the 8B models. We therefore select it as
our primary submission.

6 Conclusion

We presented Tilde’s submission to the WMT 2026
Model Compression task in the Czech-German
direction: six models ranging from 30.3 GB to
5.7 GB on disk and from 110 to 200 tokens/s in
decoding throughput. All of them are derived from

TildeOpen-15B-64k through post-training quanti-
sation, knowledge distillation, and their combina-
tion. Together, the two compression axes trace a
spectrum of quality-size-speed trade-offs: quan-
tisation reduces the footprint at minimal quality
cost, while distillation to 8B buys further size and
speed gains in exchange for a small additional
drop in translation quality. Among the six sys-
tems, 15B-GPTQ-nvfp4al6 matches the quality of
its FP8 counterpart at a x1.6 smaller footprint.
It thus offers the best quality-size-speed trade-off
among our models and is our primary submission.

7 Limitations

Our experiments cover a single language pair and
a single model family, so the observed quality-
size-speed trade-offs may not transfer to other
languages, domains, or architectures. The 8B
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model received supervised fine-tuning but not
the reinforcement-learning stage applied to the
15B baseline, so comparisons between the two
families conflate compression effects with post-
training differences. Evaluation relies solely on
automatic metrics, without human assessment. We
report marginal paired-bootstrap confidence inter-
vals, without adjustment for multiple comparisons
or direct pairwise testing between compressed mod-
els. COMET and MetricX also serve as RL re-
wards, partially overlapping the optimisation and
evaluation criteria. Speed was measured in a sin-
gle vLLM configuration on one H100 GPU, which
lacks native NVFP4 support, so FP4 throughput is
understated. Finally, full reproduction of training is
limited by proprietary data and supercomputing re-
quirements, though all models and inference code
are public.
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