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Introduction. While modern language models
(LMs) already perform well in most NLP tasks,
there is room for improvement in understand-
ing structure in text, as LMs trained on token
prediction do not fully capture the hierarchical
structure present in linguistic input (Manikandan
et al., 2023). Punctuation often encodes vital
structural boundaries in discourse, syntax, and
meaning (Dale, 1991), and can serve as implicit
sturctural cues in LM pre-training. Previous work
has shown that additional representation learning
via continual pre-training on punctuation restora-
tion (PR) improves language models’ performance
in structure-related NLP tasks like information ex-
traction (OIE), named entity recognition (NER),
and semantic role labeling (Min et al., 2025).

However, the effects of PR are not fully un-
derstood, as previous work only investigates T5
(Raffel et al., 2020) on structure-related tasks. In
addition, there may be unintended effects of ex-
tended pre-training, such as overtraining (Springer
et al., 2025) that may lead to degradation in future
task-specific fine-tuning, and model misalignment
(Betley et al., 2026). In this paper, we perform a
wide-scale, systematic evaluation into the effects
of additional pre-training on PR for structure learn-
ing and natural language understanding. Working
with English, we incorporate additional model ar-
chitectures, a wider range of evaluation tasks, and
systematic hyperparameter ablation.

Methods. In PR training, given a sentence
stripped of casing and punctuation mark (e.g.
lets eat grandma), models learn to predict the
fully punctuated and cased sentence (e.g. Let’s
eat, Grandma!). To study its effects, we exper-
iment with three transformer models: BERT (De-
vlin et al., 2019), GPT2 (Radford et al., 2019), and
T5, representing decoder-only, encoder-only, and
encoder-decoder architectures, respectively. Off-
the-shelf models representing each architecture is

continually pre-trained on punctuation restoration.
We compare the resulting 3 models to their off-the-
shelf counterparts (baselines) by measuring their
performance on structure-related and general lan-
gauge understanding downstream tasks after task-
specific fine-tuning. We evaluate our models on
GLUE (Wang et al., 2018) in addition to those em-
ployed in Min et al. (2025), for a total of 10 tasks.

Results. Our initial results in table 1 show that
GPT2 benefits the most from PR, and BERT
the least. For all 3 architectures, PR yields im-
provement in Winograd natural language infer-
ence (WNLI) task, which measures a model’s abil-
ity to resolve the referent of a pronoun in an NLI
setting and requires an understanding of sentence
structure and coreference. In contrast, additional
training on PR hurts performance on STS-B, a task
focusing on semantic textual similarity, indicating
that PR may distract models from semantic infor-
mation. We also find that gradient accumulation
is a crucial hyperparameter due to the sparsity of
signal in PR; only a few punctuation marks and
uppercase letters exist in each sentence. We plan
to continue our analysis across model size, investi-
gating whether PR benefits larger models too.

Task GPT2 ∆ T5 ∆ BERT ∆

SST-2 ▼ 1.8 ▲ 1.2 ▼ 0.7
QQP ▲ 0.2 0.0 ▼ 2.8
QNLI ▼ 0.8 ▼ 2.7 ▼ 3.9
RTE ▲ 1.1 ▼ 20.1 ▼ 5.4
WNLI ▲ 2.8 ▲ 4.6 ▲ 7.0
CoLA ▲ 11.1 ▲ 0.5 ▼ 7.3
MRPC ▲ 0.2 ▼ 5.9 ▼ 6.4
STS-B ▼ 0.5 ▼ 10.0 ▼ 6.7
NER ▲ 1.8 ▲ 0.4 ▼ 17.2
OIE ▲ 1.3 ▲ 0.9 0.0

Table 1: Difference in performance with and without
additional training on PR, measured on GLUE tasks
(Wang et al., 2018), NER (Sang and De Meulder, 2003)
and OIE (Xue et al., 2016).
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