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Abstract

This paper describes a system submission to
the closed track of the BEA 2026 shared task
on L1-aware vocabulary difficulty prediction
(Spanish, German, Mandarin Chinese). We ex-
plored three approaches: hand-crafted tabular
features with tree-based regressors, fine-tuned
multilingual encoders, and fine-tuned decoders
(artificial learner simulation with LoRA-tuned
Pythia models). Each was examined with and
without an English context produced by neu-
ral machine translation (NMT), and we also
combined all three families in a single ensem-
ble. In the end, ensembling only the fine-tuned
multilingual encoders (four base architectures
together with four NMT-augmented variants,
combined through per-language stacking) gave
the best results while remaining the simplest
configuration to train.

1 Introduction

Vocabulary knowledge is fundamental to lan-
guage proficiency, directly influencing what learn-
ers can comprehend and produce (Laufer, 1997).
Establishing word difficulty is essential for creat-
ing level-appropriate educational content and valid
assessment instruments, yet traditional calibration
methods rely on costly expert judgment and pretest-
ing, limiting scalability.

The BEA 2026 shared task (British Council,
2026) addresses this challenge by framing vocabu-
lary difficulty prediction as a regression problem:
given an English word and its associated context,
predict its difficulty for learners with a specific
first language (L1) background. The task uses
the British Council’s Knowledge-based Vocabu-
lary Lists (KVL; Schmitt et al., 2021), a dataset
of 6,768 items per L1 with psychometrically cal-
ibrated GLMM difficulty scores across three L1
groups: Spanish (Es), German (De), and Mandarin
Chinese (Cn). Two tracks are offered: closed (sep-

arate per-language models) and open (a single mul-
tilingual model).

While previous shared tasks have addressed
related problems, such as complex word iden-
tification (Paetzold and Specia, 2016; Yimam
et al., 2018) and lexical complexity prediction
(Shardlow et al., 2021, 2024), they did not con-
sider the learner’s L1 background, which is
known to strongly influence L2 vocabulary acqui-
sition through crosslinguistic transfer (Jarvis and
Pavlenko, 2008). The last BEA language learning
shared task was on grammatical error correction in
2019 (Bryant et al., 2019).

Our submission makes the following contribu-
tions:

1. A systematic comparison of 11 multilingual
encoder architectures for L1-aware difficulty
prediction;

2. Encoder training augmented with neural ma-
chine translation (NMT) using three transla-
tion systems with two decoding modes, pro-
viding complementary crosslinguistic signal;

3. An ensemble of eight encoders with per-
language optimized stacking weights;

4. A tabular feature study combining multi-
lingual embeddings, typological, phonetic,
CEFR/WordNet, and cognate features with
XGBoost and LightGBM regressors;

5. A scaling study of decoder-based artificial
learner simulation (ALS) using Pythia models
from 70M to 1.4B parameters.

2 Related Work

Lexical Complexity and Difficulty. The
SemEval-2016 CWI shared task (Paetzold and
Specia, 2016) introduced binary complex word
identification, extended to multilingual settings by

1065



Yimam et al. (2018). Shardlow et al. (2021) moved
to continuous complexity prediction with the LCP
shared task, and Shardlow et al. (2024) addressed
multilingual lexical simplification. However,
none of these tasks incorporated learner L1 as a
predictive factor, even though there is longstanding
evidence that L1 background shapes L2 vocabulary
processing and difficulty.

L1 Influence on L2 Vocabulary. Crosslinguistic
influence research has established that a learner’s
L1 systematically affects L2 vocabulary acquisition
(Jarvis and Pavlenko, 2008). Cognates are easier
to learn, while false friends create difficulty. This
motivates L1-aware prediction models that can cap-
ture these transfer effects. This L1 influence has
also been examined within language model-based
approaches that simulate L2 learners, offering a
complementary computational lens on the same
phenomenon.

Artificial Learner Simulation. Several lines of
work adapt or probe language models to simulate
L2 processing and production.

Aoyama and Schneider (2024) pretrain GPT-2
sequentially on six different L1s and then on En-
glish as L2. The resulting “L2LMs” produce word
surprisal that predicts nonnative reading times, with
effects most pronounced for L1 backgrounds typo-
logically distant from English.

In a related direction, Stearns et al. (2024) pre-
train BERT on EFCAMDAT – the Education First-
Cambridge Open Language Database (Geertzen
et al., 2013), a publicly released corpus of ∼83M
words of English-as-a-foreign-language essays
from ∼550k EF Englishtown learners with self-
declared L1 and CEFR-aligned proficiency labels –
and C4200M – a 200M-sentence synthetic learner-
error corpus built by injecting grammatical errors
into clean C4 web text via a tagged corruption
model, approximating the distribution of L2 mis-
takes at web scale (Stahlberg and Kumar, 2021)
– and probe the resulting “artificial learners” via
masked-token prediction, finding systematic diver-
gence from a generic native model that is largest at
lower CEFR levels.

Hu and Cong (2025) apply LLM-derived sur-
prisal as a proficiency signal for Chinese L2 writ-
ing. They compare a multilingual, a Chinese-
general, and a Traditional-Chinese-specific LLM
on TOCFL essays across CEFR levels A2–C1, and
show that surprisal differentiates proficiency and
correlates with classic lexical and syntactic com-

plexity indices – evidence that LLM-based probes
apply cross-linguistically beyond English.

We extend this artificial-learner line to vocabu-
lary difficulty regression by using Pythia decoder
models (Biderman et al., 2023) with LoRA adap-
tation (Hu et al., 2022) as a next-token-prediction
proxy for item difficulty.

3 System Description

3.1 Task and Data
The KVL dataset provides 6,768 parallel vo-

cabulary items across three L1 groups (Spanish,
German, Mandarin Chinese), split into training
(∼6,091 items/language) and development (677
items/language) sets. Each item consists of:

• en_word: the target English word

• en_clue: a letter clue for the word

• L1_word: the L1 translation

• L1_context: an L1 contextual prompt

• GLMM_score: the target difficulty (lower =
harder)

Items with the same item_id across L1 files
refer to the same English word, enabling cross-
language analysis.

3.2 Encoder Models
We fine-tune 11 multilingual encoder architec-

tures for regression, using the full model parame-
ters (no adapter layers). The input is constructed by
concatenating all available text fields separated by
[SEP] tokens in the order: L1_word, L1_context,
en_word, en_clue. A single regression head maps
the [CLS] representation to the predicted difficulty
score.

Table 1 summarizes the training configuration.
All models use identical hyperparameters: learning
rate 1× 10−5, batch size 8 (effective 16 with gradi-
ent accumulation), 10 epochs with early stopping
(patience 3), AdamW optimizer with weight decay
0.01 and 10% warmup, and FP16 mixed precision.
The maximum sequence length is 256 tokens. We
select the best checkpoint by development-set Pear-
son correlation. The regression target is the GLMM
lexical-difficulty score provided by the organizers;
the head is trained with mean-squared-error loss.

The 11 architectures tested are: Multilingual
E5-Large (Wang et al., 2022), XLM-R Large and
Base (Conneau et al., 2020), RemBERT (Chung
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Hyperparameter Value

Learning rate 1× 10−5

Batch size (effective) 16
Max epochs 10
Early stopping patience 3
Max sequence length 256
Classifier dropout 0.1
Optimizer AdamW
Weight decay 0.01
Warmup ratio 0.10
Precision FP16

Table 1: Encoder training hyperparameters.

et al., 2021), InfoXLM-Large (Chi et al., 2021a),
Paraphrase Multilingual MPNet (Reimers and
Gurevych, 2019, 2020), Multilingual E5-Base,
mBERT (Devlin et al., 2019), CANINE-S (Clark
et al., 2022), XLM-Align Base (Chi et al., 2021b),
and Chinese RoBERTa Large (Liu et al., 2019). All
checkpoints were obtained from the HuggingFace
Hub. Of these, the top four (E5-Large, XLM-R
Large, RemBERT, InfoXLM-Large) were selected
for the ensemble and NMT augmentation experi-
ments.
3.3 NMT Augmentation

We hypothesize that augmenting the L1 context
with English translations from NMT systems pro-
vides complementary crosslinguistic signal, effec-
tively giving the encoder both the L1 perspective
and multiple L2 (English) interpretations of the
same content. We generate translations using three
NMT systems of varying capacity:

• OPUS-MT (Tiedemann and Thottingal,
2020): ∼77M parameters

• NLLB-600M: distilled 600M model (NLLB
Team et al., 2022)

• NLLB-1.3B: full 1.3B model (NLLB Team
et al., 2022)

For each system, we produce translations in two
decoding modes: (1) free beam search, where the
model generates its own English translation from
the L1 input, and (2) forced decoding, where the
model is constrained to produce the target English
word. This yields six additional translated text
strings per item.

The NMT-augmented encoders use the same
four top architectures but with an extended in-
put sequence that interleaves the original L1 con-
text with these translated L2 contexts: L1_word,
L1_context, followed by the six NMT translations,

Spanish item, target “flock”

L1_word rebaño
L1_context Un ___ de ovejas pasta en

el campo.

OPUS free A herd of sheep grazes in
the field.

OPUS forced A flock of sheep grazes
in the field.

NLLB-600M free A flock of sheep grazes
in the field.

NLLB-600M forced A flock of sheep grazes
in the field.

NLLB-1.3B free A flock of sheep is
grazing in the field.

NLLB-1.3B forced A flock of sheep grazes
in the field.

Table 2: Worked example of NMT-augmented input
for a Spanish item. Three NMT systems each emit
a free and a forced decode; the six resulting English
strings are concatenated to the L1 fields. Disagreements
between free and forced decodes (OPUS’s “herd” vs. the
gold “flock”) expose the encoder to lexical alternatives
consistent with the L1 context.

then en_word, en_clue, all concatenated as text
with [SEP] separators. The maximum sequence
length is increased to 384 tokens to accommodate
the longer input. Batch size is increased to 12; all
other hyperparameters remain identical.

3.4 Artificial Learner Simulation

We hypothesize that diversifying the model’s
embedding space away from native-speaker distri-
butional norms and towards representations con-
ditioned on learner production (which we refer to
as learner embeddings) provides complementary
predictive signal for vocabulary difficulty: words
that are hard for L2 learners may be unremarkable
under a native prior but surface as atypical once
the model’s lexical distribution has been shifted
towards L2 usage. Following this intuition, our
artificial learner simulation (ALS) pipeline shifts
a Pythia (Biderman et al., 2023) decoder’s next-
token distribution towards L2 learner production
and uses the resulting learner-conditioned represen-
tation as the input to the regression head. We chose
decoder-based rather than encoder-based artificial
learners to maximise architectural diversity relative
to the multilingual encoders of Section 3.2; encoder
artificial learners remain a separate ablation we did
not run.

Concretely, the ALS pipeline has two stages:
(i) a learner-style language-modelling pretraining
on EFCAMDAT that yields an artificial learner
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checkpoint, and (ii) a regression adaptation of that
checkpoint to the shared-task data.

Stage 1: EFCAMDAT pretraining. We con-
tinue the causal-LM pretraining of Pythia (Bi-
derman et al., 2023) at five scales (70M, 160M,
410M, 1B, 1.4B) on the full EFCAMDAT cor-
pus (Geertzen et al., 2013) of L2 English learner
essays, using the standard next-token prediction
objective and no modification to the model ar-
chitecture. After this stage, each checkpoint
(pythia-{size}-all-data) is a decoder whose
distribution over continuations reflects the lexical
and grammatical choices of L2 learners rather than
those of a native reference corpus.

Stage 2: Regression adaptation. To transfer an
artificial-learner checkpoint to the shared task, we
discard the pretrained LM head and attach a ran-
domly initialised 2-layer MLP regression head of
the form Dropout → Linear(h, h/2) → GELU →
Dropout → Linear(h/2, 1), where h is the back-
bone hidden size. Items are serialised as en_word
| L1_word | en_clue | L1_context followed by
the suffix “Difficulty:”, left-padded, and the se-
quence representation is obtained by taking the hid-
den state of the last non-padding token, the decoder-
appropriate analogue of the [CLS] pooling used by
the encoder models of Section 3.2. The backbone
itself is frozen except for LoRA adapters (Hu et al.,
2022) with rank r = 16, α = 32, dropout 0.05,
applied to the query_key_value and dense pro-
jections of every GPT-NeoX block; the regression
head is trained at full precision. Training minimises
MSE with AdamW, learning rate 2×10−5, effective
batch size 16, up to 10 epochs with early stopping
on dev Pearson r.

3.5 Tabular Features

We additionally extract a set of hand-crafted fea-
tures organized into nine modules. For each mod-
ule below we report the implementation actually
used:

• Embeddings (1,154): Multilingual E5-
Large sentence embeddings for the L1
context, target word, and source, plus
pairwise cosine similarities; computed with
sentence-transformers (Reimers and
Gurevych, 2019).

• Language pair typology (226): morpho-
logical and typological features comparing

each L1 to English, looked up from a hyper-
granular morphological-features table derived
from WALS (Dryer and Haspelmath, 2013)
and expressed as both raw L1 values and
L1−English difference vectors.

• IPA phonetic (95): articulatory, sonor-
ity, and syllable-structure features over the
G2P-converted target word, computed with
panphon’s FeatureTable and Distance
modules (Mortensen et al., 2016).

• CEFR + WordNet (12): per-word
CEFR statistics (presence, sense count,
min/max/mean/range level, and binary
indicators for A1–C2), obtained from a
sensekey-to-CEFR lookup table built over
WordNet (Fellbaum, 1998) senses.

• Cognate similarity: Levenshtein dis-
tance, longest-common-subsequence length,
character-bigram Jaccard, and shared-prefix
length between the English target and its L1
translation; all implemented as plain Python,
no external distance library.

• Clue features: length, revealed-positions
length, vowel presence, and blank-to-letter
ratio over the en_clue field.

• Counts / POS / L1: string-length and word-
count statistics; one-hot encoding of a pre-
annotated en_target_pos column; one-hot
L1 language indicators (es/de/cn).

• NMT-derived: five features per NMT sys-
tem capturing whether the target word ap-
pears in the free translation, the normalised
Levenshtein distance between forced and free
decodes, the Pythia perplexity of the forced
translation, the forced/free perplexity ratio,
and the NMT-score drop.

• Frequency: Zipf-scaled word-frequency
bands for the English target, retrieved via
wordfreq (Speer, 2022).

We fit regressors from the scikit-learn toolkit
(Pedregosa et al., 2011), covering linear regres-
sion, Ridge, Lasso, decision trees, and tree ensem-
bles (random forest, extra trees, gradient boost-
ing, AdaBoost), together with XGBoost (Chen
and Guestrin, 2016) and LightGBM (Ke et al.,
2017). The best-performing tabular configura-
tion combines all feature groups with ALS-derived
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embeddings (all_concat_als_xgb, r = 0.797),
using XGBRegressor with nestimators = 1000,
max_depth = 6, learning rate 0.03, and L1/L2

regularisation coefficients 0.1. Feature extraction
relied on sentence-transformers (Reimers and
Gurevych, 2019) for the 1,154 Multilingual E5-
Large embeddings and panphon (Mortensen et al.,
2016) for the 95 articulatory, sonority, and syllable-
structure features. The full per-configuration break-
down across ∼15 feature/regressor combinations
is reported in Appendix A.

3.6 Ensemble Strategy
Our final system ensembles the predictions of

eight encoder models: four base and four NMT-
augmented (Section 3.3). We experimented with
two stacking strategies:

Nelder-Mead. We compute a weighted average
of predictions: ŷ =

∑8
i=1wi · ŷi, where weights

wi ≥ 0 and
∑

wi = 1. The weights are fit sepa-
rately per language using the Nelder-Mead simplex
method (Nelder and Mead, 1965), as implemented
in scipy.optimize.minimize (Virtanen et al.,
2020) with xatol = 10−6 and fatol = 10−8,
to maximize Pearson correlation on the 677 devel-
opment items. This is a non-learning approach: no
meta-model is trained, and the only free parameters
are the 8 weights per language.

ElasticNet Meta-Learner. We train a
scikit-learn (Pedregosa et al., 2011) Elas-
ticNet regressor (Zou and Hastie, 2005) (α = 0.1,
l1_ratio = 0.5) on the training-set predictions of
the eight encoders.

4 Results

4.1 Individual Encoder Performance
Table 3 presents the development-set results

for all 11 encoder architectures. Multilingual E5-
Large achieves the best individual performance
(r = 0.845), followed closely by XLM-R Large
(r = 0.843) and RemBERT (r = 0.843). There
is a clear divide between the top-four large mod-
els and the rest: the gap between 4th (InfoXLM-
Large, r = 0.829) and 5th (Paraphrase MPNet,
r = 0.810) is substantial.
4.2 NMT Augmentation Effect

Table 3 shows the impact of NMT augmenta-
tion on the top-four encoders. For each architec-
ture, we compare the base model with its NMT-
augmented variant (using all six NMT contexts:

OPUS-MT, NLLB-600M, NLLB-1.3B, each with
free and forced decoding). NMT augmentation con-
sistently improves Pearson r across all four archi-
tectures, with the largest gain for InfoXLM-Large
(+0.021). RMSE improves for XLM-R Large and
RemBERT but slightly worsens for E5-Large and
InfoXLM-Large.
4.3 Artificial Learner Simulation

Table 3 presents the ALS scaling study. Perfor-
mance scales monotonically with model size, from
r = 0.494 (70M) to r = 0.812 (1.4B). However,
even the largest ALS model underperforms the best
individual encoder (r = 0.845), suggesting that for
this task, direct fine-tuning of encoder representa-
tions is more effective than the decoder-based ALS
approach. Several follow-up experiments remain
open, including the NMT-augmented variant of
the 1.4B checkpoint, larger Pythia scales, encoder-
based artificial learners, and adding the Pythia ALS
models to the final ensemble alongside the multi-
lingual encoders; we could not run them within the
shared-task timeline and leave them to future work.
4.4 Tabular Feature Models

We trained approximately 40 scikit-learn re-
gressors over the hand-crafted feature modules
described in Section 3.5, formed by combin-
ing feature subsets with five regressor fami-
lies (linear regression, ridge, decision tree, XG-
Boost, LightGBM). The strongest configuration,
all_concat_als_xgb, concatenates all features
with ALS-derived embeddings and is fit with XG-
Boost, reaching r = 0.797 on the development set.
This result surpasses three of the base encoders
(XLM-R Base, r = 0.791; mBERT, r = 0.761;
CANINE-S, r = 0.668) and is comparable to
Pythia 1B ALS (r = 0.793), but remains below
the seven stronger base encoders and all NMT-
augmented encoder variants. We retain the top
two tree-based configurations for the 10-model en-
semble experiments, but observe no improvement
in results. The full per-configuration results appear
in Appendix A.
4.5 Ensemble Results (Development Set)

Table 3 presents our ensemble results on the
development set. The 8-encoder XGBoost blend
(a learned non-linear meta-model) achieves r =
0.882, a +3.7% absolute improvement over the best
single encoder. No-learning strategies (simple av-
erage, Nelder-Mead, hill climbing) cluster tightly
between r = 0.870 and r = 0.871, and the Elastic-
Net meta-learner achieves r = 0.871. On hidden
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System Es De Cn Avg r RMSE ↓ (primary)

Individual encoders — base (dev)
E5-Large .843 .843 .851 .845 1.025
XLM-R Large (v1) .840 .845 .845 .843 1.085
RemBERT .840 .840 .848 .843 0.980
XLM-R Large (v2) .833 .843 .843 .839 1.105
InfoXLM-Large .827 .826 .833 .829 1.166
Para. MPNet .808 .806 .816 .810 1.094
E5-Base .804 .803 .812 .806 1.166
XLM-R Base .789 .787 .796 .791 1.195
mBERT .758 .755 .768 .761 1.202
CANINE-S .665 .668 .672 .668 1.364

Individual encoders — NMT-augmented (dev)
E5-Large +NMT .852 .857 .841 .850 1.046
XLM-R Large +NMT .855 .854 .835 .849 0.994
RemBERT +NMT .854 .845 .842 .848 0.963
InfoXLM-Large +NMT .849 .858 .842 .850 1.043

Individual decoders — artificial learner simulation, no NMT (dev, seed 42)
Pythia 70M .481 .530 .465 .494 1.512
Pythia 160M .666 .601 .590 .622 1.362
Pythia 1B .801 .790 .785 .793 1.068
Pythia 1.4B .824 .822 .790 .812 1.030

Individual decoders — artificial learner simulation, NMT features (dev, seed 42)
Pythia 70M +NMT (single, opus-mt) .580 .561 .539 .561 1.440
Pythia 70M +NMT (all 3 systems) .563 .557 .549 .557 1.444

Tabular / scikit-learn models (dev; best of ∼15, full breakdown in Appendix A)
all_concat_als_xgb (best) .813 .784 .793 .797 1.099

Submitted 8-encoder ensembles (dev; full ablation in Appendix C)
Nelder-Mead .875 .870 .868 .871 0.902
ElasticNet meta .875 .870 .867 .871 0.891

Baselines (shared task)
Closed .748 .753 .736 .745 1.287
Open .787 .800 .804 .797 1.125

Table 3: Train-dev split results across all model families: base and NMT-augmented multilingual encoders, decoder-
based artificial learner simulation (Pythia, with and without NMT features), tabular/scikit-learn regressors, the two
submitted 8-encoder ensemble strategies (Nelder-Mead and ElasticNet meta-learner), and the shared-task baselines.
Per-language Pearson r on the 677-item dev set is shown where reported per language; otherwise overall (pooled)
r/RMSE is given. Baseline dev-set RMSE is the average across the three L1s, computed from the organizer-released
per-L1 baseline predictions: Closed 1.287 (Es 1.357, De 1.328, Cn 1.175); Open 1.125 (Es 1.206, De 1.149, Cn
1.021). Test-set RMSE for both baselines appears in Table 4. Tabular section shows only the best configuration; the
full breakdown is in Appendix A. GPT-2 decoder baselines are reported in Appendix B. Full ensemble-strategy
ablation (alternative weighting schemes and 10-model variants) is in Appendix C.

test data, however, the Blend XGB advantage over
these simpler strategies disappears (see §5): we
therefore selected Nelder-Mead and ElasticNet for
official submission, and treat the +0.011 dev-set
gap as meta-model overfitting rather than general-
isable signal.

Notably, including tabular models (XGBoost,
LightGBM) in a 10-model ensemble slightly de-
graded performance (r = 0.872) compared to the
8-encoder-only ensemble, suggesting the tabular
models introduced noise rather than complemen-
tary signal.

4.6 Official Test Results

Table 4 presents the official test set results for the
closed track. Ranked by RMSE (the official metric),
our best submission per language reaches 0.975
(Es, Nelder-Mead), 0.903 (De, ElasticNet) and
0.820 (Cn, ElasticNet), placing uogal 2nd on Span-
ish and German behind Glite, and 3rd on Chinese
behind Glite and Sakura (which submitted 0.816).
All four uogal submissions improve over the closed-
track baseline by 0.28–0.36 RMSE points, and
even the worse of the two beats the open-track base-
line on every language. The same picture in Pear-
son r – 0.859 (Es), 0.869 (De), 0.880 (Cn) – shows
ElasticNet ahead on Spanish/German and Nelder-
Mead nominally ahead on Chinese by 0.001, illus-
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Lang. System r RMSE ↓ (primary)

Es

Glite (1st) .877 0.903
uogal Nelder-Mead .858 0.975
uogal ElasticNet .859 0.977
Closed Baseline .765 1.257
Open Baseline .783 1.198

De

Glite (1st) .871 0.885
uogal ElasticNet .869 0.903
uogal Nelder-Mead .865 0.944
Closed Baseline .773 1.258
Open Baseline .786 1.166

Cn

Glite (1st) .889 0.776
Sakura (2nd) .874 0.816
uogal ElasticNet .879 0.820
uogal Nelder-Mead .880 0.841
Closed Baseline .753 1.140
Open Baseline .804 1.034

Table 4: Official test set results (closed track). uogal
ranks 2nd across all three languages, behind Glite.

trating that the two metrics disagree slightly on the
Chinese ranking; we treat RMSE as authoritative
since it is the official ranking metric.
5 Analysis

Primary Ranking Metric (RMSE). RMSE is
the official ranking metric. Our best per-language
submission reaches RMSE 0.975 (Es), 0.903 (De)
and 0.820 (Cn), beating the closed-track baseline
by 0.28–0.36 points (Table 4). On Chinese the
two metrics order our submissions differently (r
marginally prefers Nelder-Mead, RMSE clearly
prefers ElasticNet); we follow the RMSE verdict
throughout.

Superiority of Ensembling. Ensembling pro-
vides a substantial gain over the best individual
model on the official metric. The best base en-
coder reaches RMSE 0.980 (RemBERT) and the
best NMT-augmented encoder reaches 0.963 (Rem-
BERT +NMT). On the dev set the 8-encoder Blend
XGB meta-model reaches RMSE 0.851, a 0.13 ab-
solute improvement over the best base encoder and
0.11 over the best NMT-augmented one (Table 3);
the no-learning and linear-meta strategies (sim-
ple averaging, weighted-RMSE, weighted-Pearson,
hill climbing, Nelder-Mead, ElasticNet) reach dev
RMSE between 0.891 and 0.973. The dev-set ad-
vantage of the learned XGBoost blend does not
transfer to test: Blend XGB underperforms the
simpler Nelder-Mead and ElasticNet strategies on
the hidden test set, and was therefore excluded from
our two submissions. We read this as meta-model
overfitting to the 677 dev items used to train the

blend — a learned non-linear stacker has enough
capacity to absorb dev-set idiosyncrasies that do
not generalise, whereas the constrained weighting
strategies cannot. Accordingly, the robust portion
of the ensemble gain is the ≈ 0.08 RMSE drop
shared by every no-learning and linear-meta strat-
egy, which we attribute to model diversity rather
than to any particular weighting scheme; the two
submitted ensembles exceed the closed-track base-
line by 0.28 (Es), 0.36 (De) and 0.32 (Cn) RMSE
points on test (Table 4).

Variance of Encoder Results. Across the 11 en-
coders of Table 3 the cross-architecture spread
in RMSE is large – from 0.980 (RemBERT) to
1.364 (CANINE-S), a range of 0.38 points – and
similar in shape to the cross-architecture Pearson
spread. Per-L1 Pearson columns (where the table
reports them) further show that base encoders are
remarkably stable across L1s (0.005–0.013 Pear-
son spread, e.g. XLM-R Large .840/.845/.845),
so cross-architecture variance dominates cross-L1
variance by roughly an order of magnitude. NMT
augmentation roughly doubles cross-L1 Pearson
variance (up to 0.020 for XLM-R Large +NMT:
.855/.854/.835) and consistently pulls Chinese
down relative to Spanish and German – the English-
centric NMT systems contribute complementary
signal for the two European L1s but interfere with
Chinese. This pattern justifies the ensemble design
choice of combining multiple architectures rather
than multiple seeds of a single model.

Language-Specific Weight Preferences. The
Nelder-Mead per-language weights reveal interest-
ing patterns. For Spanish, the NMT-augmented
XLM-R Large and RemBERT receive the highest
weights; for German, NMT-augmented E5-Large
and InfoXLM-Large dominate; for Chinese, the
base E5-Large and XLM-R Large are preferred.
This suggests that different encoder-L1 combi-
nations capture complementary aspects of diffi-
culty, motivating per-language weight fitting over
a global weighting scheme.

Encoder vs. Decoder for Difficulty Prediction.
The best encoder reaches RMSE 0.980 (Rem-
BERT) while the best decoder-based ALS check-
point reaches 1.030 (Pythia 1.4B), a gap of 0.05
RMSE points in favour of encoders. While the
ALS models show clean monotonic RMSE scaling
– 1.512 → 1.362 → 1.068 → 1.030 from 70M to

1071



1.4B parameters – they do not close the gap, and
the encoder approach is both more effective and
more computationally efficient for this regression
task.

NMT Augmentation Helps Both Individually
and in Ensembles. NMT augmentation improves
RMSE for three of the four top architectures (Ta-
ble 3): XLM-R Large (1.085 → 0.994), Rem-
BERT (0.980 → 0.963) and InfoXLM-Large
(1.166 → 1.043), with E5-Large the lone excep-
tion (1.025 → 1.046); Pearson rises monotoni-
cally across all four. The 8-encoder ensemble (4
base + 4 NMT) reaches dev RMSE 0.891 (Elastic-
Net) and 0.902 (Nelder-Mead), improving over the
best individual NMT model by 0.07–0.08 RMSE
points. Exposing the encoder to multiple English
renderings of the same L1 input, produced by NMT
systems of varying capacity, likely surfaces com-
plementary aspects of crosslinguistic transfer. We
did not separately evaluate a base-only (4 encoder)
ensemble, so we cannot directly attribute the en-
semble gain to the NMT variants alone vs. to model
diversity in general.

6 Conclusion

We presented the uogal system, which placed 2nd
in the closed track of the BEA 2026 shared task
on L1-aware vocabulary difficulty prediction. Our
approach combines eight fine-tuned multilingual
encoders—four base architectures and four NMT-
augmented variants—in an ensemble with two
stacking strategies, achieving test set Pearson cor-
relations of r = 0.859 (Es), r = 0.869 (De), and
r = 0.880 (Cn). We additionally demonstrated
monotonic scaling behavior in decoder-based arti-
ficial learner simulation, though this approach did
not match encoder ensemble performance. Our
results indicate that large multilingual encoders
can effectively capture L1-specific vocabulary dif-
ficulty patterns without explicit L1 conditioning,
and that NMT augmentation provides valuable en-
semble diversity.

7 Future Work

There are numerous avenues to follow from this
work. One direction concerns metadata-aware mod-
els, where the L1 identifier is provided explicitly
rather than left implicit in the input: our early L1-
concat experiments suggest that naive injection in-
terferes with the encoder’s multilingual represen-

tations, and open questions remain about how and
where to introduce the L1 signal, whether through
token placement, embedding initialization, prefix
tuning, or adapter-style conditioning. A second
direction is scaling, both in encoder backbones
and in the artificial learner simulation side, where
the observed trends have not yet plateaued and
larger checkpoints or alternative decoder families
may narrow the gap to encoder-based difficulty pre-
diction. A third direction is improving the NMT
augmentation pipeline by asking a more targeted
question: given an L1 context in which a learner
encountered a word, what is the best equivalent L2
context to generate? Better answers to this ques-
tion, whether through context-aware translation,
retrieval of comparable L2 passages, or learner-
conditioned generation, could make augmentation
a stronger signal for L1-specific vocabulary diffi-
culty.

Limitations

Our system has several limitations. First, it was
evaluated on only three L1 groups (Spanish, Ger-
man, Mandarin Chinese); performance on typo-
logically more distant or lower-resource L1 back-
grounds remains unknown. Second, the ensem-
ble of eight large models (∼560M parameters
each) has substantial computational requirements
for both training and inference, limiting practical
deployment. Third, our ensemble weights were
optimized on the development set (677 items per
language), which, while a favorable parameter-to-
sample ratio (∼85:1), carries some risk of over-
fitting. Finally, we report development-set perfor-
mance for ablation studies (e.g., individual encoder
comparison, ALS scaling); only the final ensemble
submissions were evaluated on the official test set.
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Configuration r RMSE

all_concat_als_xgb .797 1.099
all_features_lgbm .791 1.110
all_features_xgb .790 1.112
all_concat_ipa_xgb .782 1.133
all_features_full_xgb .778 1.140
all_ipa_phonetic_xgb .777 1.141
cvo_allconcat_xgb .756 1.188
all_features_lr .750 1.201
cvo_allconcat_ridge .738 1.224
cvo_embedding_ridge .689 1.316
als_nonmt_pythia410m_xgb .618 1.429
cefr_wordnet_only_xgb .508 1.563
ipa_phonetic_only_xgb .507 1.566
cognate_xgb .404 1.660
nmt_xgb .385 1.673

Table 5: Detailed dev-set Pearson r and RMSE for
the top 15 tabular / scikit-learn configurations over
hand-crafted feature modules. Naming convention:
{feature_subset}_{regressor}. The best configu-
ration combines all feature modules with ALS-derived
embeddings and an XGBoost regressor.

A Detailed Tabular Feature Results

Table 5 reports the dev-set performance of the
strongest 15 hand-crafted-feature scikit-learn con-
figurations. All runs use the feature modules de-
scribed in Section 3.5 (Embeddings, Language-pair
typology, IPA phonetic, CEFR + WordNet, Other)
in various subsets, paired with five regressor fam-
ilies (linear regression, ridge, decision tree, XG-
Boost, LightGBM). Approximately 25 additional
configurations with r < 0.40 (e.g., word-count-
only, language-pair-only, single-feature ablations)
are omitted for brevity; complete metrics are avail-
able in the project repository.

B GPT-2 Decoder Baselines

As a pre-ALS sanity check we fine-tuned native-
English GPT-2 decoders (without the EFCAMDAT
artificial-learner adaptation) on the same regres-
sion head and serialisation described in Section 3.4.
These numbers serve purely as a reference point:
a generic next-token model with no learner adap-
tation. They fall well below every multilingual en-
coder in the main table and below all Pythia-based
ALS checkpoints from 410M upwards (Table 3),
supporting the design choice to adapt decoders on
learner data rather than use them off-the-shelf.

C Full Ensemble-Strategy Ablation

Table 7 reports the full set of ensemble weight-
ing strategies we evaluated on the development

System Es De Cn Avg r RMSE

GPT-2 .578 .609 .652 .610 1.476
GPT-2 Medium .577 .601 .646 .606 1.483

Table 6: GPT-2 decoder baselines on the 677-item
dev set. Neither model was adapted on learner data;
they serve as a reference for the gain provided by
EFCAMDAT-based artificial learner simulation (Ta-
ble 3).

set. In the main paper (Table 3) we show
only the two submitted configurations (Nelder-
Mead and ElasticNet meta-learner over the 8 en-
coders). The remaining rows below include al-
ternative no-learning schemes (simple average,
weighted-RMSE, weighted-Pearson, hill climb-
ing, rank average), the learned non-linear Blend
XGB meta-model, and a 10-model variant that
adds the two strongest tabular configurations
(all_features_xgb, all_features_lgbm) to the
8 encoders.
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Strategy Es De Cn Avg r RMSE

8-encoder ensembles (dev)
Simple avg .872 .870 .867 .870 0.973
Weighted RMSE .872 .871 .867 .870 0.969
Weighted Pearson .872 .871 .867 .870 0.970
Hill climb .874 .869 .867 .870 0.910
Rank avg .868 .871 .860 .866 1.520
Nelder-Mead (submitted) .875 .870 .868 .871 0.902
ElasticNet meta (submitted) .875 .870 .867 .871 0.891
Blend XGB .885 .887 .875 .882 0.851

10-model ensembles — 8 encoders + 2 tabular (dev)
Nelder-Mead .878 .870 .868 .872 0.899
ElasticNet meta (dmeta) .874 .872 .867 .871 0.906
Blend ElasticNet .873 .873 .868 .871 0.891

Table 7: Full ensemble-strategy ablation on the 677-item dev set. The two submitted configurations (Nelder-Mead
and ElasticNet meta-learner over 8 encoders) also appear in Table 3 of the main text. No-learning strategies cluster
tightly at r ∈ [.866, .871]; the learned non-linear Blend XGB meta-model reaches the highest average Pearson
(r = .882) on dev but was not selected for submission.
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