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Abstract
Optimizer choice is a central hyperpa-
rameter in fine-tuning transformer models,
yet its impact remains under-studied for
Arabic-script social media classification un-
der class imbalance. We compare Adam,
AdamW, and SGD for fine-tuning QARiB
on two Arabic offensive-language bench-
marks, OffensEval20 and MPOLD, using a
controlled grid over learning rate, weight
decay, and warmup, and report test-set
performance as mean (std) over three ran-
dom seeds.
Minority-class discrimination is evaluated
using macro-F1 and AUC-PROFF, while
calibration is assessed via expected cali-
bration error (ECE), reliability diagrams,
and proper scoring rules (Brier score and
negative log-likelihood, NLL). Across both
datasets, AdamW and Adam are consis-
tently strong and closely matched when
properly tuned, whereas SGD substantially
underperforms under the same tuning bud-
get and exhibits higher seed sensitivity.
We observe non-trivial miscalibration
across optimizers; post-hoc temperature
scaling offers a low-cost adjustment, yield-
ing modest, dataset-dependent changes in
calibration while preserving ranking-based
discrimination. We further evaluate a
practical decision-rule step by optimizing
the classification threshold on the valida-
tion set and applying it to test predic-
tions, and provide qualitative examples il-
lustrating typical optimizer-dependent con-
fidence behaviors. In practice, for Ara-
bic offensive-language detection under im-
balance, we recommend starting from a
tuned AdamW or Adam baseline; when
calibrated probabilities are required for
thresholding or triage, temperature scaling
can be applied. We will release a repro-
ducible pipeline to support further evalua-
tion of optimizer–calibration trade-offs in
Arabic-script safety tasks.

1 Introduction
Detecting offensive and abusive content in
Arabic social media is both societally impor-
tant and technically challenging due to di-
alectal diversity, code-mixing, noisy orthogra-
phy, and strong class imbalance between be-
nign and offensive content (Zampieri et al.,
2020; Mubarak et al., 2021). Dedicated Ara-
bic PLMs such as AraBERT, MARBERT, and
QARiB are now standard tools, but it remains
unclear how fine-tuning choices—especially op-
timizer choice and post-hoc calibration—affect
both discrimination and confidence in this set-
ting (Antoun et al., 2020; Abdul-Mageed et al.,
2021; Abdelali et al., 2021; Guo et al., 2017;
Shen et al., 2024; Xie et al., 2024).

Arabic-script user-generated text can fur-
ther amplify sensitivity through rich morphol-
ogy and cliticization, dialectal spelling vari-
ation, and orthographic inconsistency, which
complicate tokenization/normalization and in-
crease sparsity (Attia, 2007; Habash et al.,
2018; Alhafni et al., 2024). In this work,
we therefore keep preprocessing conservative
(minimal normalization) to preserve real-world
script variation; this choice better reflects de-
ployed settings but can amplify training noise,
making optimizer behavior and calibration ef-
fects more consequential.

Why Abjad (Arabic-script) relevance?
AbjadNLP targets Arabic and related Arabic-
script languages (AbjadNLP Organizers,
2026). Because real-world Arabic-script UGC
often contains orthographic and Unicode
inconsistencies that complicate normaliza-
tion/tokenization (Doctor et al., 2022), we
study optimizer–calibration behavior under
minimal normalization to better reflect
deployed conditions.

Despite the central role of QARiB-like
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models in Arabic toxicity detection, opti-
mization choices during fine-tuning remain
under-examined in this setting. Adam-
style methods (Kingma and Ba, 2015) and
AdamW (Loshchilov and Hutter, 2019) dom-
inate NLP practice, yet work in other do-
mains suggests that SGD with momentum
can sometimes yield different generalization
behavior (Wilson et al., 2017). For imbal-
anced toxicity datasets such as OffensEval
2020 (Zampieri et al., 2020), the minority
OFF class is small but critical, making macro-
F1 and precision–recall-based measures espe-
cially relevant. Post-hoc calibration methods
such as temperature scaling can adjust pre-
dicted confidence without changing score rank-
ings and may interact with optimizer choice
and training dynamics (Guo et al., 2017).

We address this gap by systematically com-
paring Adam, AdamW, and SGD when fine-
tuning QARiB for offensive-language detec-
tion on two Arabic datasets: OffensEval 2020
(Arabic) and MPOLD. Using a controlled grid
of learning rate, weight decay, and warmup set-
tings with matched seeds, we report discrim-
ination and calibration metrics, and analyze
how optimizer choice interacts with post-hoc
calibration.

Our findings offer evidence-based recom-
mendations for Arabic offensive-language de-
tection, and we provide a reproducible pipeline
(to be released upon acceptance) to encourage
further investigation of optimizer–calibration
interactions in Arabic-script NLP.
Contributions. We:

• provide a controlled optimizer compari-
son (Adam/AdamW/SGD) for QARiB
on two Arabic offensive-language bench-
marks (OffensEval20 and MPOLD),
jointly reporting discrimination (macro-
F1, AUC-PROFF, ROC AUC) and
calibration (ECE, reliability diagrams);

• quantify sensitivity to common fine-
tuning choices (warmup and weight de-
cay) under matched random seeds and se-
lection by validation macro-F1;

• show that post-hoc temperature scaling
yields modest, dataset-dependent ECE
changes while preserving ranking-based
discrimination (Guo et al., 2017);

• provide a configuration-driven, repro-
ducible pipeline; code/configs will be re-
leased upon acceptance.

2 Related Work
Optimizers for Transformers.
Adam (Kingma and Ba, 2015) is the de-
fault optimizer for pre-trained language
models such as BERT (Devlin et al., 2019)
because it is easy to tune and robust to
noisy gradients. A long-standing debate
contrasts adaptive methods with SGD with
momentum: adaptive optimizers can converge
faster yet sometimes generalize worse than
SGD (Wilson et al., 2017; Zhou et al., 2020).
For Transformer architectures, heavy-tailed
gradient noise and block-wise Hessian struc-
ture make SGD systematically underperform
Adam-style methods, even when SGD is
competitive on other architectures (Zhang
et al., 2020, 2024). AdamW decouples weight
decay from the adaptive update and yields
more predictable regularization (Loshchilov
and Hutter, 2019). We adopt this perspective
and ask, in an Arabic social-media toxicity
setting, how much is gained by deviating from
a tuned AdamW baseline (Gkouti et al., 2024;
Halfon et al., 2024).

Optimizer choice in NLP fine-tuning.
For BERT-like models on small datasets, fine-
tuning can be unstable across seeds, with op-
timization and scheduling choices playing a
central role (Mosbach et al., 2021). System-
atic studies on GLUE (General Language Un-
derstanding Evaluation) and related bench-
marks find that, once learning rates are tuned,
adaptive optimizers behave similarly and that
tuning the learning rate alone often delivers
strong baselines (Gkouti et al., 2024; Halfon
et al., 2024). Our work aligns with this liter-
ature but focuses on a concrete, imbalanced
Arabic offensive-language detection task with
explicit calibration analysis.

Calibration and evaluation under im-
balance. In safety-critical applications, cal-
ibrated probabilities matter alongside F1.
Modern neural networks are often over-
confident, motivating the use of ECE and
temperature scaling (Guo et al., 2017). For
LLMs, adaptation steps can degrade calibra-
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tion, and auxiliary or adaptive temperature-
scaling methods help restore it without harm-
ing accuracy (Shen et al., 2024; Xie et al., 2024;
Murugesan et al., 2024). For imbalanced tasks
such as offensive vs. non-offensive detection,
precision–recall analysis is more informative
than ROC curves: ROC can be overly opti-
mistic when the positive class is rare, whereas
precision–recall curves and AUC-PR better
capture minority-class performance (Saito and
Rehmsmeier, 2015). We therefore evaluate
macro-F1 and weighted F1, AUC-PR for the
OFF class, and ECE, tying optimizer choice
to both discrimination and calibration on Ara-
bic toxicity datasets.

3 Method
3.1 Task and Datasets
We study optimizer choice for Arabic offensive-
language detection, formulated as binary text
classification with labels OFF (offensive) and
NOT (non-offensive). We evaluate on two Ara-
bic user-generated text datasets that differ in
platform and genre: OffensEval 2020 (Arabic)
and MPOLD.

OffensEval 2020. We use the Arabic por-
tion of SemEval-2020 Task 12 (OffensEval)
and focus on Sub-task A (binary OFF vs.
NOT) (Zampieri et al., 2020; Mubarak et al.,
2021). Using the publicly available labeled
Arabic data, we construct disjoint stratified
train/validation/test split, preserving the class
prior in each split.

MPOLD. We use MPOLD (Chowd-
hury et al., 2020) under a binary map-
ping to OFF/NOT and use the fixed
train/validation/test split in our experi-
ments (Table 1). Because MPOLD includes
multi-platform, user-generated comments
and may contain annotation noise, we treat
results as benchmark guidance rather than
ground-truth for deployment.

We apply minimal preprocessing uniformly
across datasets: (i) we preserve emojis, elonga-
tions, and non-standard spellings; (ii) we strip
URLs and user mentions (platform artifacts);
(iii) we normalize whitespace only (no Arabic
letter normalization and no diacritics removal
beyond what is present).

3.2 Models and Fine-tuning Setup
We fine-tune the Arabic Transformer encoder
QARiB (Abdelali et al., 2021), a BERT-style
model (Devlin et al., 2019) with 12 layers, 12
attention heads, and hidden size 768. We at-
tach a linear classification head on the [CLS]
representation and train end-to-end with cross-
entropy loss.

Unless otherwise stated, all experiments use
batch size 16, maximum sequence length 256,
and Emax = 5 epochs, with global gradient-
norm clipping at 1.0. Weight decay is applied
to all non-bias, non-LayerNorm parameters.

Optimization details. For Adam/AdamW
we use β1=0.9, β2=0.999, ϵ=10−8; for SGD
we use momentum 0.9. We evaluate once per
epoch and apply early stopping on validation
macro-F1 with patience p=2; we report the
best checkpoint per run. Each configuration
is run with three random seeds and we report
mean ± std.

3.3 Optimizers and Hyperparameter
Grid

We compare SGD, Adam, and
AdamW (Kingma and Ba, 2015; Loshchilov
and Hutter, 2019). Following prior work (Mos-
bach et al., 2021; Gkouti et al., 2024; Halfon
et al., 2024), we first run a coarse learning-rate
sweep (1, 2, 3, 5) × 10−5 under fixed weight
decay and warmup for each optimizer. Based
on validation macro-F1 and stability, we
select ηAdamW = 2 × 10−5, ηSGD = 10−4, and
set ηAdam = ηAdamW.

When λ = 0, AdamW reduces to Adam be-
cause the decoupled weight-decay term van-
ishes (Loshchilov and Hutter, 2019).

The main grid compares:

• AdamW: η = 2 × 10−5, λ ∈ {0, 0.01},
w ∈ {0, 0.06};

• Adam: same (η, λ, w) as AdamW;

• SGD: η = 10−4, λ = 0.01, w ∈ {0, 0.06};

with seeds s ∈ {42, 1978, 2025} for all optimiz-
ers and for both datasets.

3.4 Learning Rate Schedule and
Warmup

All runs use the standard linear warmup + lin-
ear decay schedule (Devlin et al., 2019) with
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Table 1: Dataset splits and class distribution for OffensEval 2020 (Arabic) and MPOLD under our binary
setup (OFF vs. NOT). Percentages are within each split.

Dataset Split NOT OFF Total %OFF

OffensEval20
Train 5,402 1,341 6,743 19.9
Val 1,158 288 1,446 19.9
Test 1,158 288 1,446 19.9

MPOLD
Train 2,327 473 2,800 16.9
Val 499 101 600 16.8
Test 499 101 600 16.8

warmup ratio w ∈ {0, 0.06}; the schedule is
held fixed across optimizers (only η, λ, and
optimizer dynamics vary).

3.5 Evaluation Metrics and
Calibration

Because offensive content is relatively rare,
raw accuracy can be misleading. Follow-
ing best practices for imbalanced classifica-
tion (Saito and Rehmsmeier, 2015), we re-
port macro-F1 and weighted F1 and AUC-PR
for the offensive class (AUC-PROFF), which
is more informative than ROC AUC in this
regime.

To assess probability calibration, we com-
pute expected calibration error (ECE) (Guo
et al., 2017) on the test set for the class prob-
ability p(OFF). We partition p(OFF) ∈ [0, 1]
into M equal-width bins (we use M=15) and
compute ECE as the weighted average of the
per-bin absolute gap between empirical accu-
racy and mean confidence.

ECE limitation. ECE is sensitive to the
choice of binning scheme and the number of
bins, and commonly used plug-in estimators
can be biased in finite samples (Roelofs et al.,
2022; Kumar et al., 2019). We therefore treat
ECE as a comparative diagnostic (with fixed
M=15 across all runs) and complement it with
reliability diagrams (Section 4.3); for visualiza-
tion we use quantile binning in the diagrams to
reduce sampling artifacts, while keeping equal-
width binning for the scalar ECE to preserve
comparability with prior work.

Given that modern neural networks tend to
be over-confident (Guo et al., 2017), and opti-
mizer choice can affect calibration, we report
ECE alongside macro-F1, weighted F1, and
AUC-PROFF. All experiments are launched
through a configuration-driven script that logs
all hyperparameters and metrics to JSON files;

code and configuration files will be released af-
ter acceptance in an anonymized repository.

4 Results
We report results on OffensEval20 and
MPOLD using the same training and eval-
uation pipeline. For each dataset and op-
timizer family, we select the best configura-
tion by validation macro-F1 and report test-
set metrics as mean (std) over three ran-
dom seeds s ∈ {42, 1978, 2025}. Because
OFF is the minority class (Table 1), we em-
phasize macro-F1 and AUC-PROFF (alongside
ROC AUC and calibration via ECE), following
prior recommendations for imbalanced evalu-
ation and probability calibration (Saito and
Rehmsmeier, 2015; Guo et al., 2017).

Table 2 summarizes best-per-optimizer test
performance for both datasets. Overall,
AdamW and Adam are competitive, while
SGD lags substantially in minority-class dis-
crimination (macro-F1 and AUC-PROFF), es-
pecially on MPOLD, and shows higher seed
variability (e.g., larger std in AUC-PROFF).

Calibration reporting convention. For
comparability across optimizers, the ECE col-
umn in Table 2 reports temperature-scaled
ECE (ECE (TS)): for each run, we fit a
single temperature on the validation set and
compute ECE on the test set (Guo et al.,
2017). Because temperature scaling does not
change the argmax class prediction and pre-
serves score ordering, it leaves macro-F1 and
ranking-based metrics (AUC-PR, ROC AUC)
unchanged (Guo et al., 2017); we therefore re-
port the same discrimination metrics alongside
ECE (TS).

Selected configurations. Selection by
validation macro-F1 yields: on MPOLD,
AdamW (2e-5, WD=0.01, w=0.00), Adam
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Table 2: Best-per-optimizer test performance (mean ± std over 3 seeds), per dataset. ECE (TS) denotes
temperature-scaled expected calibration error.

Dataset Optimizer macro-F1 AUC-PROFF ROC AUC ECE (TS) Accuracy

MPOLD
AdamW 0.8174± 0.0182 0.7812± 0.0064 0.9369± 0.0041 0.0710± 0.0300 0.9028± 0.0025
Adam 0.8356± 0.0232 0.7891± 0.0148 0.9352± 0.0085 0.0640± 0.0243 0.9117± 0.0060
SGD 0.6091± 0.0277 0.4252± 0.0897 0.7408± 0.0381 0.2849± 0.0048 0.6983± 0.0312

OffensEval20
AdamW 0.9305± 0.0069 0.9397± 0.0046 0.9780± 0.0024 0.0413± 0.0045 0.9555± 0.0052
Adam 0.9305± 0.0069 0.9397± 0.0046 0.9780± 0.0024 0.0413± 0.0045 0.9555± 0.0052
SGD 0.8670± 0.0103 0.7971± 0.0609 0.9428± 0.0069 0.1045± 0.0348 0.9112± 0.0076

(2e-5, WD=0.00, w=0.06), and SGD (1e-
4, WD=0.01, w=0.06); on OffensEval20,
Adam/AdamW both select (2e-5, WD=0.00,
w=0.00) while SGD selects (1e-4, WD=0.01,
w=0.06).

4.1 Minority-class behavior:
precision–recall analysis

Figure 1 plots PR curves for the OFF class for
the best configuration of each optimizer. As
discussed in Section 3.5, PR analysis is espe-
cially informative under class imbalance (Saito
and Rehmsmeier, 2015). For readability, we
plot a representative seed (s=42 when avail-
able), while Table 2 reports mean (std) over
seeds.

Adam vs. AdamW. On OffensEval20, the
best validation setting uses λ=0 for both meth-
ods (Selected configurations), so AdamW re-
duces to Adam when the decoupled weight-
decay term is inactive (Loshchilov and Hut-
ter, 2019); accordingly, their PR curves
overlap (Figure 1) and test metrics are in-
distinguishable. On MPOLD, the selected
warmup/weight-decay settings differ (Selected
configurations), and the PR curves separate
slightly, with small but consistent differences
in macro-F1 and AUC-PROFF.

SGD. SGD yields substantially worse PR
curves on both datasets and shows higher vari-
ability, matching the larger AUC-PROFF std
in Table 2.

4.2 Sensitivity to weight decay and
warmup

To assess robustness, we evaluate Adam and
AdamW across weight decay λ ∈ {0, 0.01}
and warmup ratio w ∈ {0, 0.06}. Figure 2 re-
ports validation macro-F1 (mean ± std over 3
seeds) for each (λ,w) setting on both datasets.
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Figure 1: PR curves for OFF (best config per op-
timizer; representative seed).

Across OffensEval20 and MPOLD, differences
are small relative to seed variance and the over-
all pattern AdamW ≈ Adam remains stable;
on MPOLD, AdamW shows a slight advan-
tage in some λ=0.01 settings, consistent with
decoupled weight decay affecting optimization
when λ > 0 (Loshchilov and Hutter, 2019).

4.3 Calibration analysis
We assess calibration using ECE and reliabil-
ity diagrams (Guo et al., 2017), and we also
report proper scoring rules (Brier and NLL)
computed from saved probabilities (Table 3).
Across both datasets, Adam/AdamW are sub-
stantially better calibrated than SGD (lower
ECE (TS), Brier, and NLL; Tables 2 and 3),
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Figure 2: Validation macro-F1 surface over weight decay λ and warmup ratio w for Adam and AdamW
on OffensEval20 (a) and MPOLD (b). Values report mean±std over three seeds; higher is better. When
λ = 0, AdamW reduces to Adam, explaining overlapping regions.

consistent with the reliability curves in Fig-
ure 3.

For Adam/AdamW, the reliability curves
are closest to the diagonal at low-to-mid prob-
abilities but fall below it at high p(OFF),
indicating over-confidence in high-probability
OFF predictions (Figure 3). Tempera-
ture scaling is a monotonic logit re-scaling
and thus preserves ranking metrics (Guo
et al., 2017); in our runs it yields mod-
est, dataset-dependent ECE shifts. For
AdamW (3 seeds), Raw→TS ECE changes
are small (OffensEval20: 0.0450→0.0415;
MPOLD: 0.0686→0.0727), so we interpret
scalar ECE alongside the diagrams and scor-
ing rules (Table 3).
Qualitative examples. AdamW often
avoids overconfident SGD errors on noisy
Arabic text: for a non-offensive exam-
ple (gold=0), AdamW assigns poff=0.0018
vs. SGD 0.5784; for an offensive example
(gold=1), AdamW assigns 0.9966 vs. SGD
0.5005 (see Table 4).

Validation-set threshold tuning (F1-
OFF). Using the saved validation probabili-
ties for each seed, we swept a decision thresh-
old t ∈ [0, 1] to maximize validation F1-OFF,
then applied the resulting t∗ to the corre-
sponding test probabilities. Table 5 shows
that this post-processing step yields small and
optimizer-dependent effects on OffensEval20:
SGD benefits slightly on average, whereas
Adam/AdamW do not consistently improve,
indicating that the default 0.5 threshold is al-
ready near-optimal for the stronger optimizers
in this setting.

5 Conclusion
We studied how optimizer choice affects fine-
tuning QARiB for Arabic offensive-language
detection under class imbalance on two bench-
marks (OffensEval20 and MPOLD), reporting
mean (std) test performance over three ran-
dom seeds.

AdamW and Adam were consistently strong
and closely matched when tuned, whereas
SGD substantially underperformed under the
same tuning budget and showed higher seed
sensitivity, especially on minority-class met-
rics. On OffensEval20, the selected best set-
tings use λ=0, for which AdamW reduces to
Adam, explaining the overlapping behavior.

Calibration analysis shows non-trivial mis-
calibration across optimizers. Temperature
scaling provides a practical post-hoc adjust-
ment with modest, dataset-dependent changes
in ECE while preserving ranking-based dis-
crimination; we therefore interpret scalar ECE
together with reliability diagrams and comple-
mentary proper scoring rules (Brier score and
negative log-likelihood, NLL).

Practical takeaways. In our setting, we
recommend the following for Arabic-script
offensive-language detection:

• Optimizer choice: Start from a tuned
AdamW or Adam baseline. SGD is a
weaker choice under the same tuning bud-
get and shows higher seed sensitivity.

• Evaluation under imbalance: Priori-
tize macro-F1 and precision–recall–based
metrics for the minority OFF class
(e.g., AUC-PROFF) alongside accuracy
and ROC AUC.
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Table 3: Proper scoring-rule calibration metrics on the test set (mean±std over 3 seeds). Lower is better.

Dataset Optimizer Brier NLL N

MPOLD
AdamW 0.0830± 0.0088 0.3846± 0.1249 3
Adam 0.0791 ± 0.0038 0.3469 ± 0.0851 3
SGD 0.2059± 0.0041 0.6022± 0.0084 3

OffensEval20
AdamW 0.0443 ± 0.0037 0.2201 ± 0.0121 3
Adam 0.0443 ± 0.0037 0.2201 ± 0.0121 3
SGD 0.0844± 0.0014 1.3994± 0.9427 3
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Figure 3: Calibration summary on OffensEval20 (a) and MPOLD (b), pooled over three seeds. Top:
reliability diagram for p(OFF) using quantile bins; perfect calibration follows the diagonal. Bottom:
stacked histogram of predicted-class confidence max(p, 1−p), showing how probability mass concentrates
at low/high confidence.

• Calibration for deployment: When
confidence scores are needed—e.g.,
for thresholding or human-in-the-loop
triage—apply post-hoc temperature
scaling and validate calibration using
both ECE and reliability diagrams (not
scalar ECE alone).

• Threshold tuning: The default 0.5 de-
cision threshold is not universally optimal
under class imbalance. When deployment
requires a specific operating point (e.g.,
prioritizing OFF recall), tune the thresh-
old on a held-out validation set and report
its impact on test performance.

We also include qualitative examples to con-
textualize common confidence patterns and er-
rors under different optimizers.

Future work should test the generality of
these findings across more Arabic-script lan-
guages, domains, and model families, includ-
ing parameter-efficient tuning.

6 Limitations
Generalizability. Our experiments evalu-
ate QARiB fine-tuning on two Arabic
offensive-language benchmarks: (i) the Ara-
bic subset of OffensEval 2020, primarily tweet-
based and tied to a specific collection period
and annotation context (Zampieri et al., 2020;
Mubarak et al., 2021), and (ii) MPOLD, a
multi-platform Arabic news-comment dataset
with platform- and domain-specific language
patterns (Chowdhury et al., 2020). Accord-
ingly, the observed discrimination and cali-
bration trade-offs may not transfer to other
platforms, genres, or later time periods where
topic mix, dialect coverage, and community
norms shift. More broadly, these effects may
vary across Arabic PLM pretraining corpora
and tokenization/normalization choices used
in other model families.

Model and optimizer scope. We focus
on an encoder-only Transformer (QARiB with
a standard classification head) and compare
Adam, AdamW, and SGD (Kingma and Ba,
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Table 4: Qualitative examples illustrating probability gaps (∆p = |pAdamW
off − pSGD

off |) between AdamW
and SGD on noisy Arabic social media text (raw, unscaled probabilities).

Text (truncated Arabic) Gold AdamW poff SGD poff… ۬༥؇ٺො੼ ሒᇃࣖࢻ ّأٴ؇َ۬ َ؇س ف ଫଃ܋ٴ ل؇ ᆇ୚୘ިد ඔආًႤ၍ ل؇ ༚ܹޔ ݁ݷ ৖৑ @USER @USER 0 0.0018 0.5784
… มฆٴ྘ۋٴ ل؇ روݪ۬ ل؇ ᄩႍၽ݁ލ ݁ݷ ఈఃل ۬۳۳۳۳۳۳۱ @USER @USER @USER @USER: RT 0 0.0023 0.5090
… Մ៰Ղا ม฀ۋފ اܳ٭ިم َڰݴ ف ଫଃًوح ඔ൹݁ިوނ٭ اࠍ྘੊ݷ ݆݁ ਃಸޚܹؕ ܋٭ިَ؇ وޗܹؕ 1 0.9966 0.5005
… ඔ൹راݪ٭ و اܳފأިدل۰ ሒᇭ ਐಸ؇؜ٺٷ؇ دي ل؇۱ިووه ۰ਃಸ؇۱ިܳا د༠ܭ ྸะإ @USER @USER 1 0.9844 0.7571

Table 5: OffensEval20 validation threshold tuning for F1-OFF (mean±std over 3 seeds). Adam (not
shown) matches AdamW.

Opt. t∗ F1@0.5 F1@t∗ ∆

AdamW 0.3410± 0.5660 0.8747± 0.0150 0.8669± 0.0177 −0.0079± 0.0307
SGD 0.5348± 0.0088 0.7903± 0.0157 0.7961± 0.0067 +0.0058± 0.0090

2015; Loshchilov and Hutter, 2019). Re-
sults may differ for other Arabic PLMs and
pretraining regimes (e.g., AraBERT (Antoun
et al., 2020), MARBERT (Abdul-Mageed
et al., 2021), or other QARiB variants (Ab-
delali et al., 2021)), which can change tok-
enization, domain coverage, and fine-tuning
dynamics. Other training recipes (e.g., alter-
native schedules/regularization, larger models,
adapters/LoRA), or optimizers (e.g., Adafac-
tor, Lion, quasi-second-order methods) could
yield different behavior. Thus, any optimizer
“ranking” is conditional on this model family
and fine-tuning regime.

Statistical limits. We report test metrics
as mean (std) over three random seeds (s ∈
{42, 1978, 2025}). While this improves robust-
ness over single-run reporting, three seeds pro-
vide limited power for strong claims, espe-
cially for calibration. For PR curves we vi-
sualize a representative seed for readability,
while tables remain seed-aggregated; PR anal-
ysis is particularly informative under class im-
balance (Saito and Rehmsmeier, 2015). For
reliability diagrams we pool predictions across
seeds after selecting the best run per (opti-
mizer, seed) by validation macro-F1 , which
increases sample size per curve. Even so,
small std does not guarantee robustness under
broader initializations or wider hyperparam-
eter ranges. Additionally, validation-based
threshold selection can overfit: in OffensE-
val20 we observe high seed-to-seed variability
in t∗ for Adam/AdamW, and corresponding
non-monotonic changes on test, so threshold
tuning should be treated as a deployment-time

choice requiring careful validation.

Calibration dependence. ECE and reli-
ability plots depend on binning design and
on the probability target (here, p(OFF));
common ECE estimators can also be sensi-
tive in finite samples. To reduce reliance
on binning-based ECE alone, we also re-
port Brier score and NLL as complemen-
tary proper scoring rules. Consequently, cal-
ibration differences between optimizers (and
the apparent effect size of temperature scal-
ing) should be viewed as indicative. Tem-
perature scaling preserves prediction rank-
ings and can improve likelihood-based cali-
bration, but its effect on ECE can be mod-
est and dataset-dependent under different bin-
ning/aggregation choices (Guo et al., 2017;
Roelofs et al., 2022; Kumar et al., 2019).
Stronger conclusions would require more seeds,
binning-sensitivity analysis, and cross-domain
evaluation.

Ethical use. Automatic offensive-language
detection is high-impact: errors can lead to
over-filtering or under-detection, and perfor-
mance may vary across dialects and writ-
ing styles that are under-represented in train-
ing data (Mubarak et al., 2021). Deploy-
ing language technologies in moderation set-
tings can introduce or amplify harms with-
out transparency and appropriate human over-
sight (Bender et al., 2021; Gallegos et al.,
2023). Accordingly, the models studied here
are not intended as stand-alone moderation
systems; they should be treated as components
in a broader pipeline with documented policies,
human review, and appeal mechanisms.
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