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Abstract

We present the second edition of the WMT
2026 Model Compression (WMT26MC)
shared task, which studies how large lan-
guage models can be made efficient for
machine translation under model-size and
latency constraints. The task offers a con-
strained track based on Gemma 3 12B
and an unconstrained track for compress-
ing models below 20B. Both tracks cover
Czech—German, English—Chinese (Sim-
plified), and English—Arabic (Egyptian).
Participants  submit complete runnable
systems, which we run in a standardized envi-
ronment on a single H100 GPU. Evaluation
jointly considers translation quality, model
size on disk, and decoding speed, analyzing the
resulting quality—size and quality—speed trade-
offs. We received 41 submissions from 13
teams. The proposed systems span weight and
activation quantization, structured and expert
pruning, low-rank factorization, knowledge
distillation, vocabulary and vision-component
removal, mixed precision, and inference-time
reranking. Evaluation with quality-estimation
metrics on the blind test sets reveals that
post-training quantization is the reliable lever:
INT4 and FP8 systems shrink the constrained
base to roughly one-quarter and one-half of
its original disk size, respectively, and deliver
up to 20x the steady-state throughput while
staying within quality-estimation noise of the
uncompressed model, whereas aggressive
low-rank and structural pruning collapse
quality.

1 Introduction

Large language models (LLMs) have become
strong general-purpose systems for machine trans-
lation (MT), but their broad capabilities come with
substantial storage, memory, and computational re-
quirements (Brown et al., 2020; Ding et al., 2024;
Patil and Gudivada, 2024). These costs compli-
cate deployment on commodity accelerators, lo-
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cal servers, mobile hardware, and other resource-
constrained platforms. Compression methods such
as quantization, pruning, low-rank factorization,
and knowledge distillation can reduce these re-
quirements, although aggressive compression may
degrade translation quality and some compression
techniques fail to yield a corresponding reduction
in end-to-end latency (Zhu et al., 2024). A useful
comparison therefore has to measure the resulting
systems as deployable artifacts rather than consid-
ering parameter count or nominal precision alone.

The WMT 2025 Model Compression shared
task was introduced with the objective to provide
such a comparison for text translation (Gaido et al.,
2025). It continued a line of WMT shared tasks
on efficient translation (Birch et al., 2018; Hayashi
et al., 2019; Heafield et al., 2020, 2021, 2022),
complementing a parallel initiative in the speech
translation field at IWSLT (Abdulmumin et al.,
2025; Adelani et al., 2026). The second edition re-
tains the central objective—reducing the footprint
and cost of a general-purpose LLM while preserv-
ing machine-translation quality—but updates the
benchmark to reflect both newer models and more
realistic system deployment.

The WMT 2026 Model Compression
(WMT26MC) shared task' replaces Aya Ex-
panse 8B (Dang et al., 2024) with Gemma 3 12B
(Team et al., 2025) in the constrained track, and
the unconstrained track permits any source model
whose original size is below 20B parameters. Both
tracks use the same three language directions:
Czech—German, English—Chinese (Simplified),
and English—Arabic (Egyptian). As in the
previous year, participants submit the complete
runnable artifact rather than only model outputs,
allowing organizers to measure translation quality,
disk footprint, and decoding speed under the same

"https://www2.statmt.org/wmt26/
model-compression.html
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hardware and operating-system conditions.
The evaluation is designed to address three main
questions:

* How far can a general-purpose LLM be com-
pressed while retaining its translation quality
on the targeted language directions?

* Which combinations of compression and
inference techniques provide the strongest
quality—size and quality—speed trade-offs?

* How do methods developed under a fixed-
model, fixed-data constraint compare with un-
constrained model selection and training?

This paper describes the submitted systems, the
evaluation pipeline, and reports results offering the
following key takeaways:

¢ Quantization (at INT4) enables reduction to
roughly a quarter of the original size with lim-
ited quality degradation, while compression
at half of the original size (FPS) is essentially
lossless.

* Solutions based on aggressive structural prun-
ing fail to retain original translation capabili-
ties even after recovery finetuning.

* Inference speed depends primarily on the
serving runtime rather than on model size: re-
duction in numerical precision leads to faster
inference only if the runtime can effectively
exploit the reduced precision.

2 Task Description

The task asks participants to reduce the deployable
footprint of a general-purpose LLM while main-
taining strong translation performance. Systems
may target any subset of the three language direc-
tions, and rankings are computed separately for
each track and language direction.

2.1 Tracks

The constrained track establishes a common
starting point by requiring all systems to be di-
rectly derived from google/gemma-3-12b-it.?
Gemma 3 12B was selected for its permissive li-
censing terms and its balance of size and trans-
lation capability across the task languages. Any
compression technique is permitted. However, the
final model must remain a compressed derivative
of the original model: for example, a distilled stu-
dent is eligible only if its architecture is itself ob-
tained from Gemma 3 12B rather than chosen in-

*https://huggingface.co/google/
gemma-3-12b-it

dependently. In addition, constrained-track partic-
ipants can use only the public data released for
the WMT26 campaign and test sets from previous
WMT General MT shared task editions for calibra-
tion or fine-tuning.

The unconstrained track uses the same lan-
guage directions and evaluation protocol but al-
lows participants to choose any original model be-
low 20B parameters. It also permits additional cal-
ibration and training data. By holding the evalua-
tion environment fixed while relaxing model and
data choice, this track tests whether model selec-
tion and task specialization offer better deploy-
ment trade-offs than compressing a common base
model.

2.2 Evaluation

The official evaluation uses held-out WMT26 Gen-
eral MT data for the selected directions. Eval-
uation inputs are exposed to submitted systems
as UTF-8 text with one source record per line.
Each system must return exactly one translation
per input line. This line-oriented interface keeps
data handling identical across model frameworks
and prevents system-specific preprocessing from
changing the number or order of examples.

Submissions are evaluated separately for each
track and language along three dimensions:

1. Translation quality, assessed with reference-
free metrics: COMET-Kiwi-XXL (Rei et al.,
2023) and MetricX-XXL-QE (Juraska et al.,
2024).

2. Model footprint, measured as the on-disk
model artifact size. Peak GPU-memory use
could not be measured reliably across the het-
erogeneous runtimes and is not reported.

3. Decoding speed, measured from the wall-
clock time required to translate the evaluation
set under controlled batch settings.

All systems run on an organizer-managed
x86_64 machine with Ubuntu 24.04 and a single
NVIDIA H100 GPU with 80 GB of VRAM. The
same submission interface, input order, decoding
workload, and hardware allocation are used for ev-
ery system.

The evaluation pipeline is released with the orga-
nizers’ repository.> Before scoring, a sanity check
installs each submission, invokes it on a small in-
put, verifies that the output is non-empty, and en-

*https://github. com/thammegowda/
wmt26-model-compression
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forces exact input/output line-count match. The
main evaluator invokes the same entry point for
all accepted systems and records the command,
exit status, wall-clock time, CPU times, maximum
host resident-set size, and timestamps for each run.
Invalid or incomplete outputs are excluded from
scoring. The throughput protocol profiles nomi-
nal batch sizes of 1, 16, 64, and 256, capped by
each system’s declared maximum, with repeated
full-set and one-sentence warmup runs per condi-
tion. We report net throughput as the number of
source characters divided by difference between
the median full-set wall time and the median one-
sentence warmup wall time. The warmup is there-
fore a startup proxy that includes initialization and
one-sentence decoding, rather than a pure model-
loading measurement.

2.3 Submission

A valid submission consists of a form entry and
a complete system that the organizers can exe-
cute without reconstructing the compression pro-
cedure. Each submission package contains source
code, environment-installation instructions and de-
pendencies, an inference entry point, and the
compressed model artifact (or a stable link to
it). Under the submission specification, packages
provide setup.sh, run.sh, requirements. txt,
and README . md. The evaluator calls run. sh with
a language direction, batch size, input path, and
output path; diagnostic output must not be mixed
with translations.

Teams may submit multiple systems for a track
and language. In that case they designate one
system as PRIMARY, with the rest treated as CON-
TRASTIVE. Participants also declare the language
directions and maximum supported batch size for
each submission.

3 Participants

We received submissions from 13 teams, of which
10 teams participated in the constrained track and
4 teams targeted the unconstrained track (one team
entered both tracks). Many participants submitted
multiple entries.

Table 1 reports the team names, number of
submissions, track codes, and a brief description
of explored optimization methods. Quantization
is most common, but it is frequently combined
with structural specialization: teams remove vi-
sion modules unused by text-only MT, prune vo-

cabularies or transformer components, factorize
dense matrices, or distill pruned students. The un-
constrained entries broaden model choice to Aya-
Expanse, Gemma 4, GPT-OSS, and TildeOpen
models. Several entries also optimize the infer-
ence system itself through custom kernels, con-
tinuous batching, and quality-estimation-based se-
lection. The descriptions below consolidate the
short paragraph responses in the submission form.
They summarize systems as declared by partici-
pants. Claims about quality, speed, or memory use
are deferred to the evaluation in Section 4.

3.1 alonso (Palomino, 2026)

The alonso entry is a calibration-free
English—Chinese (Simplified) system that
selectively applies BitsAndBytes NF4 with double
quantization to the gate, up, and down projections
of all 48 text-transformer MLP blocks. Attention
projections, embeddings, normalization layers,
the output head, and vision modules remain in
BF16. This selective design trades a larger artifact
for lower quantization exposure than uniform 4-bit
compression.

3.2 arc/ilsp (Athena Research Center)
(Sofianopoulos and Prokopidis, 2026)

The arc/ilsp systems combine three training-
free operations: removal of the vision tower, script-
aware vocabulary pruning from roughly 262k to
196k entries, and GPTQ W4A16 quantization.
The team selects full- or reduced- vocabulary INT4
primaries by language direction and includes an
FP8 contrastive. For English— Arabic (Egyptian),
a decoding contrastive generates multiple candi-
dates and applies self-MBR selection using chrF
consensus without changing model weights.

3.3 CometCut (Bajwa, 2026)

CometCut compares uniform GPTQ and AWQ
with a quality-aware mixed-precision scheme. For
the latter, the team quantizes one decoder layer at
a time, estimates its sensitivity using COMET on
held-out data, and solves a knapsack problem that
assigns layers to 16-, 8-, or 4-bit precision under a
size budget. All variants use a shared multilingual
calibration pool and the LLM-Compressor/vLLM
stack.

3.4 Dragonl006 (IIIT) (Balaga et al., 2026)

Dragon1006’s unconstrained English—Chinese
(Simplified) system starts from Aya Expanse 8B,
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ID Team Track Directions # Var. Main techniques Details
Al alonso C en—zh 1 Selective MLP-only NF4 quantization §3.1
Ar arc/ilsp C all 4 Vision/vocabulary pruning, GPTQ/FP8, self-MBR §3.2
C CometCut C all 3 GPTQ, AWQ, COMET-guided mixed precision §3.3
D Dragon1006 U en-—zh 1 Layer pruning, LoRA recovery, runtime INT8 §3.4
E ESTS U  en-zh, en—ar 6 MoE expert pruning, MXFP4, supervised recovery §3.5
F FBK C cs—de 2 SmoothQuant, GPTQ, W8AS activation quantization §3.6
P Pare4Bit C/U all 3 Vision/depth pruning, GPTQ INT4, model selection §3.7
S SLICERS C  en-zh 1 Layer/FFN pruning, NF4, QLoRA §3.8
Ta TahomaMT C all 4 Vision/vocabulary pruning, FP8/INT4, QE reranking §3.9
Ti TildeOpen-wmt U cs—de 5 Distillation, NVFP4/FP8 quantization, GRPO §3.10
Tn Tiny Titans C cs—de 3 GPTQ, activation-aware SVD, distillation §3.11
T™ TMU-onono C  cs—de 2 DiBA factorization and diagonal-only recovery §3.12
vV VIC C all 6 Structured pruning, vocabulary pruning, AWQ §3.13

Table 1: Registered WMT26 participants and their 41 submitted participant variants across all 13 teams. The ID
column defines the participant prefix used throughout the tables and figures; system-level labels append a compact
variant subscript to this prefix. C and U denote constrained and unconstrained tracks; “all” denotes cs—de, en—zh,
and en—ar. Variant counts (# Var.) describe submitted artifacts

reduces its depth from 32 to 28 layers, and re-
stores translation behavior with QLoRA on a 36k-
example subset of WMT19. The adapter is merged
into the model to remove PEFT routing overhead,
and weights are quantized to 8-bit at inference time
with BitsAndBytes. Retrieved after the initial in-
ventory snapshot, the int8 artifact is evaluated here
on English—Chinese (Simplified) (Table 2); note
that its inference wrapper caps generation at 150
new tokens, which truncates the longer paragraphs
of the WMT?26 set and depresses its measured qual-

ity.
3.5 ESTS (UCLA) (Martin et al., 2026)

ESTS builds unconstrained translation special-
ists from the MXFP4-quantized GPT-OSS-20B
mixture-of-experts model. It estimates expert
importance from routing on task-proxy genera-
tions and allocates retained capacity across lay-
ers using the Jensen—Shannon divergence between
source- and target-side routing distributions. Ex-
perts are physically removed, after which the
model is recovered with full-parameter supervised
training on GPT-generated pseudo-parallel data.
Separate English—Chinese and English—Egyptian-
Arabic families vary the number of retained ex-
perts.

3.6 FBK@ModelCompression (Suman and
Bentivogli, 2026)

FBK submits two W8AS8 Czech—German systems.
Both use GPTQ for 8-bit weights and round-
to-nearest quantization for activations, executing
the matrix operations directly in 8-bit precision
through the compressed-tensors/vLLM stack. One

variant first applies SmoothQuant to move part
of the activation quantization difficulty into the
weights; the other omits this smoothing step.

3.7 Pared4Bit (Fakhrutdinov, 2026)

For the constrained track, Pare4Bit rebuilds
Gemma 3 12B as a text-only model without the vi-
sion tower and applies group-wise GPTQ W4A16
while retaining tied embeddings in BF16. A con-
trastive additionally drops four transformer layers,
uses LoRA knowledge-distillation recovery, and
then applies GPTQ. Its unconstrained entry treats
model selection as part of compression, choosing
a Gemma 4 12B quantization-aware-trained INT4
checkpoint and serving it through vLLM.

3.8 SLICERS (IIIT Hyderabad) (Balaga
et al., 2026)

SLICERS targets English—Chinese (Simplified)
with a combination of structural and precision com-
pression. Fisher-information estimates guide re-
moval of eight transformer layers and 30% of in-
termediate feed-forward neurons. The structurally
pruned model is then quantized to 4-bit NF4 and
adapted with QLoRA on translation data.

3.9 TahomaMT (Microsoft) (Gowda, 2026)

TahomaMT removes the unused SigLIP vision
tower and multimodal projector and specializes the
tokenizer to the Latin, Arabic, and Han scripts
used in the task, reducing its vocabulary from
262,208 to 192,347 entries with byte fallback. Two
calibration-free variants use either FP8 weights
and per-token FP8 activations (W8AS) or group-
wise asymmetric INT4 weights with FP8 activa-
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tions (W4AS8). Contrastive best-of-four systems
sample four candidates and select one with a bun-
dled 4-bit Cometoid quality-estimation model. All
variants use the team’s C++/CUDA Tahoma run-
time.

3.10 TildeOpen-wmt (Tilde) (Kronis et al.,
2026)

Tilde’s unconstrained submission starts from
a task-adapted TildeOpen 15B Czech—German
model, itself distilled from a 30B model and fur-
ther trained with supervised fine-tuning and GRPO.
The submission compares GPTQ with NVFP4
weights against FP8 weights and dynamic FP8 ac-
tivations. A second compression axis distills the
15B model to an 8B student, and the team also com-
bines this student with each quantization scheme.

3.11 Tiny Titans (MBZUAI) (Raya-Rios et al.,
2026)

Tiny Titans submits three Czech—German sys-
tems. The first applies group-wise 4-bit GPTQ us-
ing a 1,024-example calibration set. The second
factorizes selected weight matrices with activation-
aware SVD and then performs task-aware distilla-
tion from the original Gemma model, using stored
top-32 teacher probabilities. The third combines
this low-rank/distillation pipeline with 4-bit GPTQ
of the resulting factors.

3.12 TMU-onono (Tokyo Metropolitan
University) (Ono, 2026)

TMU-onono applies DiBA (Diagonal and Binary
Matrix Approximation), replacing dense linear and
tied embedding/output weights with interleaved di-
agonal scalings and binary mixing factors. The bi-
nary factors remain fixed while the diagonal factors
are adapted on teacher translations of the WMT26
Czech—German training data, a recovery proce-
dure the team calls DiBARD. Its primary system
uses a direct Triton backend, while a contrastive
system caches unpacked factors at runtime.

3.13 VIC (Vicomtech) (Ponce and
Etchegoyhen, 2026)

VIC removes Gemma’s vision component and
learns differentiable masks over feed-forward chan-
nels and attention groups while keeping the model
weights fixed. The masks are materialized as struc-
tured pruning at several target ratios; selected mod-
els are then recovered by supervised fine-tuning on
multilingual parallel data. The submission family

also explores language-specific vocabulary prun-
ing and applies 4-bit AWQ after pruning, with in-
ference served through vLLM.

4 Results

We evaluate all submissions in a single standard-
ized environment and report the three task dimen-
sions separately. Because the WMT?26 test-set ref-
erences are not available at the time of writing,
the quality numbers here are reference-free quality-
estimation (QE) scores. Unless noted otherwise,
quality is COMET-Kiwi-XXL (Rei et al., 2023),
cross-checked against MetricX-XXL-QE (Juraska
et al., 2024). The constrained track compresses a
common base (Gemma 3 12B, 22.7 GiB on disk);
the unconstrained track uses heterogeneous bases,
so its systems are compared against the constrained
base only as a reference line, not on equal foot-
ing. Throughout, the uncompressed base and the
two bitsandbytes organizer baselines (bnb-q4,
bnb-qg8) anchor the plots. The full per-system re-
sults are consolidated in Table 2, the central table
of this report; the figures that follow break out each
dimension.

4.1 Translation Quality

The translation quality results in Table 2 indi-
cate the following: post-training quantization
preserves quality, whereas aggressive struc-
tural compression does not. Weight-only and
weight—activation quantization (INT4/W4A16,
FP8/W8AS8, INTS) land within QE noise of the
uncompressed base, while low-rank factorization
(Tiny Titans’ SVD, COMET-Kiwi-XXL 24-32
for Czech—German), binary/diagonal approxima-
tion (TMU-onono’s DiBA, 27-28), and 50% FFN
pruning without sufficient recovery (Vicomtech,
down to 49 for en-ar) collapse quality. The
failures reflect capacity removal that the submitted
recovery (distillation or light fine-tuning) did
not restore. Some models using calibrated data
improve on COMET-Kiwi-XXL over baselines
but worsen MetricX24 scores. The disagreement
underscores the importance of evaluating qual-
ity through multiple metrics to enforce sound
conclusions.

4.2 Model Size

Figure 1 shows the quality—size trade-offs
separately for each language direction under
both QE metrics. Both tracks appear in every
panel. The headline result is that the base
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Constrained track (compress Gemma-3-12B)

speed (cs—de) cs—de en-zh en-ar
ID  System Data Sizel WU (s){Netc/st CKT MX! CKT MX!{ CKT MX!
Bg  baseline--bnb-q8% weeens  — 1012347 215 CEEPLRINTS638 CED)°  76.847 2.80° 61.05°  5.49
B,  baseline--bnb-g4x* HF+BnB — 778 _21 838° 55472 6.497 7665° 281 60.66° 5.62
Alys @ alonso--layeraware-native-mlp-q4 HEeBn  — % 10.99 _-6 76.69° 278 = =
Ar, @ arc-ilsp--int4 vim ol ° 7.08Y7 421 3,012° 5610 6.52° 76.46' 2.85 = =
Ar;y @ arc-ilsp--vocaball-int4 vim ol ® 6.64'° 412 3,046° 56.11° 6.42 = = _” 5.67
Arg O arc-ilsp--fp8 v e PINISIBTC 493 3,023 5630 NEIET Y 76.91 200275 © 60.84° 551
Arysr O arc-ilsp--en-ar-mbr vl ® 6.6 422 PINNTAS° 56127  6.40 = -7 61427 554
Cy @ cometcut--comet-mixed-precision w0 853 EETENE® 10,8207 55.98° 638717698 1275 60.19° 546
C; @ cometcut--gptq vl M 7.00 BIS0 ¢ 6,690 1115629 6457 76.55% 276 60.58° 5.62
Ca O cometcut--awq VM cal ' 7,90 _” 6,526 ° 5533° 643 76.02° 2.82° 60.99° 567
F; @ fbk--gptg-rtn vl P22 362" 7,963 N 6901 - - - -
Fso @ fbk--sq-gptq viw ol FNESEEIN 375 9,160 QRN 6.01 = = = =
P, @ paredbit--int4-gptq i cal ° 7.07 GEETYR Y 4,244 ETREl Y 6.46° 76.44° 2.73_“ 5.71
Py O paredbit--pruned4-healed-int4 VLM % 664 377 4,051° 5569 7.41' 7583 297° 61.997 573
S @ slicers--navadeep-gemma3-12b LI NN 1544 GERLE 309[F 10.54[% 22.38[ 56.88[ M) = =
Tag; @ tahomamt--fp8 Tahoma — P 1072° 2317 12,670° 56.24° 6.42° 76.74° 2.78° 60.99° 5.49
Tagss O tahomamt--fp8-bok4 i DRI CORBPRITY  56.960  Gerl”  77.49F 266 CelbF 529
Tagsa O tahomamt--int4-bok4 Thoma  — 225 2,500° 56.08'' 6.46
Tas O tahomamt--int4 Tahoma]  — 23.2° 9,923 54927 652% 7574° 282" 6211° 546
Tns @ tiny-titans--svd-qkv512-ff1620 H FT “ 31'53 SEETRT) o = = =
Tn, @ tiny-titans--gptq-intd-calibrated HFFGPTQ  cal 1537 986° 56.27° 6.36 - - - -
Tns, @ tiny-titans--svd-qkv512-ff1620-q4-g32-full W OFT e 1529 = = = =
TM; @ tmu-onono--diba-triton_direct DiBATTiton,  FT 14.7 15 27.87 _ = = = =
TMc O tmu-onono--diba-cached_unpacked DIBAPT  FT 16.3'° 2,483 '° 27.40°' 18.80 = = = =
Vsor @ vicomtech--r0.50_ffn_sft_ck4802_awq4 VM FT 333120190 ° 44.33*° 14.38 11581041570 NECED 767
Vys O vicomtech--r0.25_ffn_awq4 vilM  FT 33.3° 17,250 * 53.70*° 10.37 " 72.48*° 3.67 (EONEN° 5.63
Vs O vicomtech--r0.50_ffn_awq4 VLM T 35.2 HPEELN) _2" 16.76
Vsor, O vicomtech--r0.50_ffn_sft_ck4802_awq4_en-zh VLM FT 3357 3 4428 1459 '* 58.05 = =
Vsora O vicomtech--r0.50_ffn_sft_ck4802_awq4_en-ar M T 20.8 FIPFIGEN © 44.26 V7 14.23 = B~ 58.26/<  7.69)
Vsore O vicomtech--r0.50_ffn_sft_ck4802_awq4_cs-de vitM FT 29.9° 19,950 ° 44.28 77 14.23 - - - -
Unconstrained track (heterogeneous base < 20B params)
speed (cs—de) cs—~de en-zh en-ar
ID  System Data Sizel WU (s){Netc/st CKT MX! CKT MX!{ CKT MX!
Dss @ dragon1006--aya-expanse-8b-int8 HF+BnB  cal | 7.66 - - - B 66.02 - -
Expz @ ests--gptoss-arz-k22 VLM % 633 = = = = = -2 62027 584
Ezs @ ests--gptoss-zho-k26 VLM o3 515 = = = -2 72447 335 - -
Ea2sa O ests--gptoss-arz-k24 viM T ° 574 = o = = o -’ 60.81° 6.05
Eae O ests--gptoss-arz-k26 vim  fr o 2EEE5E = = = = = -
Ez7 O ests--gptoss-zho-k27 VM FT - = = = -3 7140° 345 - -
Ezg O ests—-gptoss-zho-k28 VM T = = = -4 890" 374 = =
Pss @ paredbit--unconstrained-gemmas VLM — 1 959 3 4,146 > 58.65 68.22
Tiisy @ tildeopen--15B-GPTQ-nvfp4al6é v o °0940¢ 92,3 BEIPEYTICIEEPT] 26122 = = = =
Tis O tildeopen--8B-distill VLLM o ZBEERF]? 2527 5134° 5811° 6.31 = = = =
Tiiss O tildeopen--15B-RTN-fp8-dyn vim  rr BESERE|® 98.3° 2,840° 58.85° 6.27 - - - -
Tige O tildeopen--8B-distill-RTN-fp8-dyn R AT 24 3REERIPY  57.94 R = = = =
Tiev O tildeopen--8B-distill-GPTQ-nvfp4al6 TR N v EETI  6,548 ERGIETY  6.39) = = = =

Table 2: Model compression task results along size, speed, quality dimensions. All systems are categorized by
track (constrained=top and unconstrained=bottom), and grouped by participant ID. Primary submissions are shown
first (solid circles, bold text), followed by contrastive submissions (hollow circles). The serving runtime is shown in
the grey tag; the Data column marks whether the method is data-free (—, on-the-fly quantization), calibration-only
(cal), or uses fine-tuning/distillation/healing (FT). Metric columns: Size (GiB); WU (s), the median one-sentence
warmup wall time; Net ¢/s, peak reliable Czech—German throughput after subtracting that warmup from full-set
wall time; CK, COMET-Kiwi-XXL QE on a 0-100 scale (1); and MX, MetricX-XXL error (}). Warmup and Net
c/s come from the same batch, selected to maximize net throughput; estimates for which warmup exceeds 75% of
full-set wall time are omitted. Each cell is shaded by the system’s rank within its own block and column, from
green (best) through yellow to red (worst), with the rank number in the top-left corner; near-identical scores are
grouped to share a rank and colour (grouping thresholds: Size 0.1 GiB, warmup 1 s, speed 100 chars/s, CK 0.1,
MX 0.01). 1/] in the header gives the “better” direction; the two tracks are ranked independently. Participant IDs
follow Table 1. %: organizer baseline.
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Figure 1: Quality vs. on-disk size for the three translation directions. Blue and red denote constrained and uncon-
strained systems; filled and hollow markers denote primary and contrastive submissions. Labels are participant IDs

from Table 1; the star is the uncompressed baseline.

model can be shrunk to roughly a quarter of its
on-disk size at essentially no quality cost: the
smallest near-lossless systems are INT4 quanti-
zations at 6.0-6.6 GiB (26—29% of the base)—
arc/ilsp/vocaball-int4 for Czech—German,
TahomaMT/int4-bok4 for English—Chinese
(Simplified), and  TahomaMT/int4 for
English—Arabic (Egyptian)—all within £0.01
COMET-Kiwi of the uncompressed base. FP8
(W8ARS) is essentially lossless at about half the size
(10.7 GiB), and several INT8 and mixed-precision
systems sit just below the base. Vision-tower
removal and script-specific vocabulary pruning
contribute additional, quality-neutral savings on
top of quantization. Beyond quantization, the
frontier degrades sharply: the very smallest arti-
facts (2.3-4.6 GiB) are the structural-compression

systems whose quality has collapsed, so they are
Pareto-optimal only in the trivial sense of being
small.

In the unconstrained track (Figure 1), model
selection acts as compression. Pare4Bit's INT4
Gemma-4-12B exceeds the Gemma-3 base on
all three directions (+0.02 to 4+0.07 COMET-
Kiwi) at 9.6 GiB, and MetricX confirms the
gain (e.g. English—Arabic (Egyptian) 4.49 vs.
5.36). Tilde’s distilled 8B student, quantized
to NVFP4, stays above the Gemma-3 base for
Czech—German at only 5.3 GiB, and UCLA’s
expert-pruned GPT-OSS-20B (ESTS) reaches 4.6—
6.3 GiB by trading measured quality for size.
These systems show that a well-chosen, newer
sub-20B base—compressed—can dominate a com-
pressed older base.
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4.3 Inference Speed

Table 2 reports peak reliable net throughput on
the Czech—German speed benchmark, with the
corresponding one-sentence warmup time. Com-
pression buys large speedups: the uncompressed
base reaches 626 net chars/s, while the near-
lossless TahomaMT/fp8 system reaches 12,670 net
chars/s—about 20x the base throughput at near-
baseline quality.

Crucially, throughput is governed as much by
the serving runtime as by the precision. Optimized
runtimes (Tahoma’s C++/CUDA engine, vLLM
continuous batching) dominate, whereas a naive
bitsandbytes INT8 baseline is pathologically
slow: on the gross Czech—German batch-1 la-
tency probe it takes 11,960 s (=23.3 h) versus 85 s
for the fastest system, a ~ 140x spread. Reduc-
ing precision is thus necessary but not sufficient for
speed—the deployment stack must exploit it. Fig-
ure 2 shows the resulting quality—speed trade-offs
on the Czech—German speed benchmark. At near-
baseline quality, TahomaMT’s FP8 system reaches
the fastest measured steady-state rate, while opti-
mized VLLM systems form the next tier. The fig-
ure reports peak reliable net throughput: source
characters divided by full-set wall time after sub-
tracting the one-sentence warmup time. We report
throughput scaling with batch sizes {1, 16, 64, and
256} only for Czech—German (the direction for
which most submissions opted-in) in Table 3.*

Detailed Inference Speed Figure 3 shows how
net throughput scales with batch size on the
Czech—German speed subset, and Table 3 lists
per-system net rates at each batch. Through-
put grows almost linearly with batch size until
a system reaches its declared maximum batch
or exhausts memory: the fastest systems are Vi-
comtech’s FEN-pruned AWQ variants (~ 23.6k
chars/s at batch 256) and TahomaMT’s FP8/INT4
on its custom engine (~ 10-13k at batch 256),
an order of magnitude above the uncompressed
and bitsandbytes baselines. Rates are warmup-
subtracted (steady-state); cells where the one-
sentence warmup dominated the full-set wall time
are omitted as unreliable.

*We suspect some submissions may not have strictly en-
forced batch size as a strict parallelism limiter due to the use of
continuous batching in the underlying serving runtimes such
as VLLM.

5 Conclusion and Future Directions

The second edition of WMT Model Compres-
sion shared task attracted participants with a va-
riety of methods, which offer useful data points
to draw a clear practical map. Post-training
quantization—INT4 weight-only and FP8 weight—
activation, often combined with vision-tower and
vocabulary removal—is the dependable recipe: it
compresses the Gemma-3-12B base to about a
quarter of its on-disk size and yields up to a
20x steady-state throughput gain while remain-
ing within quality-estimation noise of the uncom-
pressed model. Structural and low-rank meth-
ods (SVD, diagonal/binary approximation, heavy
FFN pruning) remain risky at this scale: with-
out stronger recovery they trade away quality that
light fine-tuning does not restore. In the uncon-
strained track, treating model selection as a com-
pression decision pays off—a compressed, newer
sub-20B base can beat the compressed older base
outright. Finally, speed is a property of the serving
stack more than the model size. Future editions
should freeze peak-VRAM instrumentation, add
human/LLM-judge quality, evaluate systems on
several hardware configurations, and report speed
with model-load time separated from steady-state
decoding.

6 Limitations

Several caveats apply to this work. First, quality
evaluation relies on reference-free QE metrics with
strong meta-evaluation performance. High-quality
references and large-scale human evaluation are
costly, and strong QE metrics often provide com-
parable insights to reference-based evaluation (Fre-
itag et al., 2024). Our conclusions remain subject
to these metrics’ limitations and biases.

Second, footprint is measured on disk: peak
GPU memory could not be measured reliably, and
host resident-set sizes are not comparable across
runtimes, so we defer a VRAM comparison. Third,
the subtracted warmup includes initialization and
one-sentence decoding, not model loading alone.
We omit estimates above a 75% warmup fraction
to limit subtraction instability. Batch-1 latency is
available only for Czech—German. Fourth, mea-
surements use a single H100 configuration; rank-
ings may differ on other hardware. Lastly, uncon-
strained systems use heterogeneous bases; the con-
strained base is a reference, not an equal-footing
comparison.
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