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Abstract
Modern language models (LMs) are trained in
an autoregressive manner, conditioned only on
the prefix. In contrast, sequence labeling (SL)
tasks assign labels to each individual input to-
ken, naturally benefiting from bidirectional con-
text. This discrepancy has historically led SL
to rely on inherently bidirectional encoder-only
models. However, the rapid development of
decoder-only models has raised the question
of whether they can be adapted to SL. While
causal mask removal has emerged as a viable
technique for adapting decoder-only models
to leverage the full context for SL, it requires
considerable changes to the base model func-
tionality. In this work, we explore sequence
repetition (SR) as a less invasive alternative
for enabling bidirectionality in decoder-only
models. Through fine-tuning experiments, we
show that SR inherently makes decoders bidi-
rectional, improving the quality of token-level
embeddings and surpassing encoders and un-
masked decoders. Contrary to earlier claims,
we find that increasing the number of repeti-
tions does not degrade SL performance. Fi-
nally, we demonstrate that embeddings from
intermediate layers are highly effective for SR,
comparable to those from final layers, while be-
ing significantly more efficient to compute. Our
findings underscore that SR alleviates the struc-
tural limitations of decoders, enabling more
efficient and adaptable LMs and broadening
their applicability to other token-level tasks.

� takelab/repetition-sl

1 Introduction

The NLP community has invested immense effort
in training models for natural language understand-
ing (NLU) tasks. Arguably, one of the more com-
plex NLU tasks is sequence labeling (SL), where
labels are assigned to individual tokens in a se-
quence. From named entity recognition and text
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Figure 1: Attention weight matrix in a decoder block for
an input sequence “ABC” repeated r times. Sequence
repetition (SR) forms bidirectional attention block re-
gions with no modifications to the naturally unidirec-
tional architecture of decoder-only language models.
The share of bidirectional blocks contributing to the
attention outputs increases with subsequent repetitions,
enabling the model with a higher capacity to process
tokens to the right of the currently processed token.

chunking (Tjong Kim Sang and Buchholz, 2000;
Tjong Kim Sang and De Meulder, 2003) to more
challenging tasks such as event extraction (Dod-
dington et al., 2004) and aspect-based sentiment
analysis (Pontiki et al., 2014), SL models rely on
high-quality token embeddings.

While encoder-only language models (LMs)
such as BERT (Devlin et al., 2019) and RoBERTa
(Liu et al., 2019) have long been the standard for
SL tasks, scaling has enabled decoder-only LMs
to produce superior embeddings, surpassing their
encoder-only counterparts on various token- and
sequence-level tasks (BehnamGhader et al., 2024;
Lin et al., 2025a). This trend has motivated re-
search on decoder-as-encoder adaptation, typically
by removing the causal mask (CM) in combina-
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tion with parameter-efficient fine-tuning (Houlsby
et al., 2019; Dukić and Šnajder, 2024). While this
modification provides the model with a fully bidi-
rectional context, it is a substantial architectural
change (Lin et al., 2025a). A parallel line of work
has shown that simply repeating the input sequence
can improve sequence-level representations in de-
coders (Xu et al., 2024; Springer et al., 2025; Duan
et al., 2025). Sequence repetition (SR) offers a less
invasive method for incorporating bidirectionality
without modifying the decoder’s core architecture,
as illustrated in Figure 1. By repeating the input se-
quence several times, the decoder blocks form bidi-
rectional regions inside attention matrices. How-
ever, despite its promise for sequence-level tasks,
the effect of SR on token-level embeddings—and,
by extension, on SL performance in a decoder-as-
encoder setup—remains largely unexplored.

To fill this gap, we explore the capacity of SR
as a tool for token-level representation learning.
Through controlled fine-tuning experiments, we
show that SR implicitly enables bidirectionality
within decoder-only models, yielding token-level
embeddings that outperform both strong encoders
and unmasked decoders across multiple SL bench-
marks. In a follow-up analysis, we find that, con-
trary to previous findings, repeating the input more
than once often results in performance gains rather
than degradation (Springer et al., 2025).1 To miti-
gate the computational cost of sequence repetition,
we utilize early exiting (Xin et al., 2020; Zhou
et al., 2020; Rep et al., 2024) and extract embed-
dings from intermediate layers. Fine-tuning the
model only up to a selected layer yields representa-
tions that perform on par with those from the final
layer, while being at least 1.39× more efficient to
compute. These results reinforce findings that in-
termediate LM layers are critical for downstream
tasks (Fan et al., 2024; Skean et al., 2025).

The contributions of our work are threefold: (1)
we find SR is a simple, practical, and effective strat-
egy for SL with decoder-only models, outperform-
ing more complex alternatives; (2) we show that,
contrary to prior findings, performance improves
as the number of sequence repetitions increases;
(3) we demonstrate that early exiting mitigates the
computational overhead of SR while maintaining
performance competitive to last-layer embeddings.

1Reported in experiments not included in the main
paper https://openreview.net/forum?id=Ahlrf2HGJR&
noteId=zYNHEaQiWO.

2 Sequence repetition

Previous works have shown that repeating the input
sequence once is a simple method for bypassing the
CM used in decoder-only models (Xu et al., 2024;
Springer et al., 2025). In this way, tokens in the re-
peated sequence have access to the entire sequence
on the left-hand side, allowing the decoder-only
model to function bidirectionally. However, while
prior work has found that additional repetitions
yield no further gains on sequence-level tasks (Xu
et al., 2024; Springer et al., 2025; Duan et al., 2025),
our findings show that the opposite is true for token-
level tasks, where performance improves with each
repetition (§4.2). We hypothesize that this occurs
because additional repetitions increase the model’s
effective processing capacity for each token. On the
other hand, we posit that increasing the repetition
count is not necessary for strong sequence-level
performance because each token already encodes a
compressed representation of the entire preceding
sequence (Muennighoff, 2022). We further note
that fine-tuning is necessary for models to learn
how to fully utilize this increased capacity, which
is underexplored by previous works who studied
the effect of repetition count increase only in the
zero-shot setting.

We now outline our intuition of how repeti-
tions enable bidirectional information flow dur-
ing the computation of attention weights. Let
s = [t1, . . . , tn] be an input sequence of length n. We
denote the repeated sequence as sk, where k = r+1
is the total number of instances and r is the number
of repetitions. The final sequence has a length of
k ·n, as illustrated in Figure 1. Let A be the atten-
tion weight matrix computed via standard scaled
dot-product attention (Vaswani et al., 2017) using
causal masking (Radford et al., 2018):

ha(s) = A(s)V = softmax
(

QKT +CM√
d

)
V,

where Q = sWQ, K = sWk, and V = sWv are query,
key, and value matrices, respectively, d is the di-
mensionality of query and key vectors, and CM is
the causal mask defined as:

CM =




0 −∞ · · · −∞
0 0 · · · −∞
...

...
. . .

...
0 0 · · · 0


 .

Due to causal masking, A is a lower-triangular n×n
matrix. For the repeated sequence sk, which is
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composed of k instances of s, the dimensions of A
grow to kn× kn, and it can be viewed as a block
matrix made of k2 individual n×n submatrices:

A(sk) =




A11 A12 · · · A1k
A21 A22 · · · A2k

...
...

. . .
...

Ak1 Ak2 · · · Akk


 .

Each submatrix Ai, j corresponds to the attention
weights between tokens in the i-th and j-th in-
stances of sequence s within the repeated sequence
sk (see Figure 1). Due to the causal mask, the struc-
ture of these submatrices is determined by their
position: for i > j, the submatrix Ai j is dense (full-
rank); for i = j, Ai j is lower-triangular; and for
i < j, Ai j is a zero matrix.

In practice, this means that Ai j contributes to
the attention output with full bidirectional informa-
tion for i > j and with left and diagonal-only in-
formation for i = j, while zero matrices contribute
nothing to the output. Thus, in the full attention ma-
trix A(sk), there are k(k+1)/2 non-zero blocks that
contribute any information, of which k(k+1)/2−k
are fully bidirectional. The proportion of bidirec-
tional blocks in A(sk) approaches 1 as k increases:

lim
k→∞

k(k+1)/2− k
k(k+1)/2

= lim
k→∞

k−1
k+1

= 1

The representation of a token in the k-th instance
of the sequence is computed using the attention
weights in the blocks Ak1 . . .Akk. Since all of these
blocks except the final one (Akk) are bidirectional,
the overall attention mechanism more closely emu-
lates full bidirectionality as k increases.

Naturally, this gain in processing capacity comes
at a higher computational cost due to the k-fold
increase in sequence length. However, we hypothe-
size that even small values of k can yield substantial
performance gains by closely approximating full
bidirectionality. We verify this claim experimen-
tally in subsequent sections.

3 Experimental setup

In this section, we first describe the standard suite
of SL tasks we explore (§3.1), the language models
used in our experiments (§3.2), and their optimiza-
tion setup (§3.3). We then outline the competitive
baselines to which we compare our results (§3.4).
Finally, we detail the early-exit setup used to miti-
gate the computational cost of SR (§3.5).

3.1 Datasets

NER. For NER, we use the CoNLL03 dataset
(Tjong Kim Sang and De Meulder, 2003), specifi-
cally the version available in HuggingFace datasets
(Lhoest et al., 2021), which follows the IOB2 se-
quence tagging scheme and provides predefined
training, validation, and test splits.

Aspect term extraction and polarity. We use
data from the restaurants domain of SemEval-2014
Task 4 (Pontiki et al., 2014) (Rest14). For our
experiments, we merge the two main aspect-based
sentiment analysis subtasks, aspect term extraction
(ATE) and aspect term polarity (ATP), into a single
SL task (ATE+ATP). We then tokenize the dataset
with spaCy (Honnibal et al., 2020) and match the
given character spans of aspect terms with token
spans to obtain IOB2 tags. While the training and
test splits are predefined, we create our validation
set by following prior work (Wang et al., 2021) and
randomly sampling 10% of the training data.

Slot labeling. For this task, we use the NLU++
dataset (Casanueva et al., 2022) designed for NLU
in task-oriented dialogue systems. The dataset is
divided into two distinct domains (banking and ho-
tels), each containing a mix of generic slots and
domain-specific slots. To create a larger and more
robust dataset for our experiments, we merge the
two domains. Merging domains results in a unified
set of 17 unique slot labels, as some generic slots
overlap. We create IOB2 tags for this combined
dataset by mapping the character-level offsets of
slot values to tokens generated by spaCy (Honni-
bal et al., 2020). Although the original authors
recommend k-fold cross-validation, this approach
is computationally prohibitive when fine-tuning
large LMs. Therefore, we opt for fixed data splits,
creating our training, validation, and test sets by
shuffling and partitioning the data into a 70/10/20
ratio.

Event trigger classification. The ACE05 dataset
(Doddington et al., 2004) is a widely used event
trigger classification (ETC) dataset. The ETC task
combines two event extraction tasks into a single
SL task: trigger identification, i.e., finding spans of
tokens that evoke a particular event, and classify-
ing them. We use the English training, validation,
and test split obtained with the standard ACE pre-
processing tool,2 which we also use to generate
tokenized sentences and create IOB2 tags.

2https://bit.ly/ace2005-preprocessing
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3.2 Models

We conduct our experiments with seven open-
weight decoder-only LMs from three different
model families: Gemma-7B (Gemma Team et al.,
2024a), Gemma2-2B, Gemma2-9B (Gemma Team
et al., 2024b), Qwen3-1.7B, Qwen3-4B, Qwen3-
8B (Yang et al., 2025), and Mistral-7B (Jiang et al.,
2023). By default, we use these decoder Trans-
formers with a softmax token classification head
on top of the model’s Transformer body and train
the models to output IOB2 tags. Using the same
training and evaluation protocol, we compare the
performance of decoder-only models to state-of-
the-art encoder-only models: RoBERTa (Liu et al.,
2019) and ModernBERT (Warner et al., 2025). See
Appendix A for implementation details.

3.3 Optimization

We apply QLoRA (Dettmers et al., 2023) to query,
key, value, and output attention matrices in all
decoder layers in our fine-tuning experiments (in
early exit experiments with decoders we apply fine-
tuning only up to a chosen intermediate layer).
We use the following hyperparameters: fixed rank
r = 16, scaling parameter α = 16, dropout probabil-
ity of p = 0.1 and learning rate 2e−4. We train the
models with the AdamW (Loshchilov and Hutter,
2019) optimizer. The parameters of AdamW opti-
mizer are left at default values when loaded from
the PyTorch library β1 = 0.9,β2 = 0.99,ε = 1e−8,
with an exception of weight decay which is set to
0.05. We employ gradient checkpointing with the
reentrant implementation, using a batch size of 8
and gradient accumulation over 4 steps to fit our
memory constraints, resulting in an effective batch
size of 32. All models were fine-tuned over 10
epochs, and the best-performing weights were se-
lected based on the highest micro F1 score on the
validation set. For each fine-tuning experiment, we
report the average micro F1 performance from five
different runs (i.e., with different random seeds).
For optimization details, please see Appendix A.4.

3.4 Baselines

We compare the performance of SR approaches to
decoder-only baselines for SL listed below.

Masked decoder. We fine-tune the base decoder
model to output IOB2 tags with no modifications
to the input sequence or the model’s architecture.
Under the SR formulation, this case corresponds to
no repetitions (r = 0).

Unmasking. Following (Li et al., 2023), we re-
move CM from the attention computation at each
layer, thereby allowing the models to utilize full
bidirectional information in the input sequence at
each token, effectively transforming them to en-
coders.

Layer-group unmasking. Dukić and Šnajder
(2024) showed that, for optimal SL performance,
CM should be removed only from selected layer
groups, most commonly from middle layers. This
is sensible, since intermediate layers have been
shown to be important for improvements on down-
stream tasks (Skean et al., 2025). For a model with
N layers, we remove the CM from the middle N/3
layers. See Appendix A.3.1 for details on how we
select the exact indices to perform unmasking.

3.5 Early exit

As SR introduces additional input processing, we
propose combining it with early exit for a trade-off
between quality and efficiency. Following prior
findings that earlier layers can yield embeddings
comparable in quality to those from later layers
for downstream tasks (Xin et al., 2020; Zhou et al.,
2020; Rep et al., 2024), we investigate fine-tuning
the model up to, but not including, layer L in
conjunction with SR. Specifically, we consider a
model with N = 32 layers, and fine-tune up to layer
L ∈ {9,14,19,24}. This improves computational
efficiency by factors ranging from 4× to 1.39×
when exiting at layers 9 and 24, respectively.

4 Results

In this section, we first compare SR to encoder-only
models and decoder-only approaches to SL (§4.1).
We then analyze SR performance as the number
of repetitions is varied (§4.2). We follow up by
exploring early exiting as a strategy of mitigating
additional compute incurred by SR (§4.4), com-
paring early exiting decoders with encoders (§4.6),
and profiling how early exiting and SR affect infer-
ence speed (§4.5). Finally, we conduct a qualitative
analysis of performance between adaptation strate-
gies (§4.3).

4.1 Performance on sequence labeling

We report results of the best-performing encoder-
based methods, unmasking baselines, and SR on
the test splits of datasets in Table 1. Gener-
ally, decoder-based models outperform encoders.
Specifically, encoders lag behind unmasked de-
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Model Method NLU++ ACE05 Rest14 CoNLL03 Average

Gemma-7B
Sequence repetition (r = 4) 81.29±2.23 74.27±1.41 82.40±0.80 93.38±0.18 82.84±0.69
Middle unmasking 79.90±3.36 72.15±5.54 83.64±0.68 91.46±4.93 81.79±2.04
Full unmasking 74.34±2.77 73.08±6.61 76.63±4.97 92.75±0.16 79.20±2.18

Gemma2-2B
Sequence repetition (r = 2) 79.98±1.21 72.86±3.99 83.03±1.03 93.05±0.29 82.23±1.00
Middle unmasking 78.21±2.03 72.30±3.99 82.21±0.40 92.60±0.32 81.33±1.13
Full unmasking 76.42±2.16 74.33±4.20 81.26±0.64 92.82±0.36 81.21±1.19

Gemma2-9B
Sequence repetition (r = 2) 78.83±2.47 74.49±2.93 83.51±0.89 93.58±0.24 82.60±0.79
Middle unmasking 77.63±1.23 75.91±2.93 83.34±0.97 93.17±0.36 82.51±0.84
Full unmasking 76.83±2.09 75.79±3.70 82.55±1.28 93.44±0.13 82.15±1.11

Mistral-7B
Sequence repetition (r = 4) 80.28±1.78 77.79±3.31 83.31±1.57 93.79±0.19 83.79±1.59
Middle unmasking 79.35±0.52 77.56±3.31 83.00±0.89 93.48±0.12 83.35±0.87
Full unmasking 80.23±1.24 76.26±3.77 83.18±0.84 93.69±0.24 83.34±1.02

Qwen3-1.7B
Sequence repetition (r = 4) 77.75±1.43 70.18±3.87 79.26±1.03 91.56±0.41 79.69±0.97
Middle unmasking 73.67±1.46 66.71±3.87 75.71±1.02 90.31±0.42 76.60±1.07
Full unmasking 67.28±4.24 68.68±3.39 75.32±1.99 90.27±0.45 75.39±1.45

Qwen3-4B
Sequence repetition (r = 8) 77.97±1.29 72.58±2.91 81.22±0.48 92.33±0.28 81.02±1.35
Middle unmasking 74.56±0.81 69.73±2.91 79.60±0.41 91.87±0.34 78.94±0.77
Full unmasking 73.79±1.17 70.59±4.48 77.76±0.62 91.17±0.17 78.33±1.17

Qwen3-8B
Sequence repetition (r = 4) 77.61±2.52 72.11±2.97 82.27±1.11 92.74±0.26 81.18±1.62
Middle unmasking 75.06±1.18 71.45±2.97 80.17±0.74 92.23±0.38 79.73±0.83
Full unmasking 74.45±2.72 69.01±3.11 80.01±0.42 91.99±0.29 78.86±1.04

ModernBERT - 70.50±3.24 68.30±4.18 75.51±1.01 90.02±0.23 76.08±1.35
RoBERTa - 72.22±1.68 68.96±8.04 80.30±0.78 92.64±0.12 78.53±2.06

Table 1: Micro F1 scores (mean ±95% confidence interval) across Rest14, ACE05, CoNLL03, and NLU++ test
sets. Bold values indicate the highest mean per dataset within each group. Values obtained with the best-performing
strategy for a given model and a dataset are underlined. All results are averages of five runs. We report the results
for r which overall had the best average F1 score for a given model.

coders and even more so behind SR decoders,
which outperform them by a large margin. When
considering unmasking baselines, unmasking only
the middle layers generally outperforms removing
the CM entirely. On Rest14, Gemma-7B achieves
the best results among all models with middle-
layer unmasking. Other models also benefit more
from partial bidirectionality than from full bidirec-
tionality. The exception is Mistral-7B, where full
unmasking surpasses middle-layer unmasking on
all SL datasets except ACE05. This suggests that
Mistral-7B benefits more from full bidirectionality
than solely from the bidirectionality of the middle
layers. Most importantly, the best overall results
are achieved with SR models, where Mistral-7B
stands out as the best-performing model, achieving
the highest average score and outperforming other
models on CoNLL03 and ACE05 for r = 4. This
trend is even more apparent in Figure 2 and Fig-
ure 7, where Mistral-7B leverages additional repe-
titions most effectively across models and datasets

on both the test and validation sets, respectively.
Finally, in Figure 3, we present average differences
in performance of SR and full unmasking against
middle unmasking. We observe clear gains over
unmasking strategies both in terms of better perfor-
mance (higher mean F1 score) and higher stability
(lower standard deviation of F1 scores).

4.2 Effect of multiple sequence repetitions

We now investigate how model performance be-
haves when varying the number of repetitions.
We report the results of SR fine-tuning for r ∈
{0,1,2,4,8} in Figure 2. Repeating the sequence
once (r = 1) yields clear gains over the masked de-
coder (r = 0). This consistency is observed across
all SL datasets, models, and both validation and test
sets. The highest jump in performance is from r = 0
to r = 1. Increasing the number of sequence repe-
titions further improves the performance for most
models and datasets. As shown in Figure 3, set-
ting r = 2 improves the average performance of the
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Figure 2: Micro F1 performance for SR across models and test splits of each dataset. Subplots are aligned in a 5x7
grid, where rows and columns correspond to datasets and models, respectively. In the fifth row, we display the
performance averaged over all the datasets. Shaded bands denote ±95% CI. All results are averages of five runs.

models and reduces the variance in the results. Per-
formance gains generally saturate at r = 2 or r = 4
and remain stable with additional repetitions, con-
trary to prior reports of degradation on sequence-
level tasks for r > 1 (Springer et al., 2025). Mistral-
7B stands out as the best-performing model, espe-
cially as the number of repetitions approaches r = 8.
Smaller models (Qwen3-1.7B and Gemma2-2B)
exhibit a noticeable performance drop in most cases
after r = 2 or r = 4, suggesting that they lack the
capacity to effectively utilize additional repetitions.
However, already at 4B parameters (Qwen3-4B),
performance stabilizes and saturates as r grows.
We hypothesize that larger models, with larger ef-
fective context windows, could leverage additional
repetitions to a greater extent. The relationship
between micro F1 scores and repetition counts is
mostly consistent across models and datasets. How-
ever, we observe anomalies on ACE05, which we
attribute to differences in class distribution in train-
ing and test datasets (Wang et al., 2020; Dukić
and Šnajder, 2024). We hypothesize that because
higher repetition counts increase the effective pro-
cessing capacity of the models, they are more prone
to overfitting on the training set, resulting in a
higher variance in performance. This is further cor-

roborated by slightly larger confidence intervals in
F1 scores of larger models (≥7B parameters) as op-
posed to smaller ones (≤2B parameters). Note that
we did not tune hyperparameters for each dataset
specifically. Therefore, this instability can likely
be resolved through a more careful hyperparameter
selection, which we leave for future work.

4.3 Qualitative analysis of adaptation strategy
performance

Figure 4 summarizes our performance compar-
isons, based on the full results presented in Ap-
pendix B. The figure shows both pairwise results
for each strategy and the total number of wins per
strategy across all (model, dataset) pairs.

SR with more than one repetition (r > 1) proves
to be the superior strategy, winning in 24 out of
28 (model, dataset) pairs, thus demonstrating the
efficacy of multiple repetitions. Although over-
all performance tends to saturate around r = 4 (cf.
Figure 2), this high win rate is maintained up to
r = 8. Full and middle unmasking achieve supe-
rior performance for only two (model, dataset)
pairs: (Gemma-7B, Rest14) and (Gemma2-2B,
ACE05), respectively, while r = 1 was the win-
ner for (Gemma2-9B, ACE05), and (Mistral-7B,
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ACE05), which is consistent with generally anoma-
lous behavior on ACE05.

4.4 Improving efficiency by early exiting

SR yields higher-quality token-level embeddings
than unmasking, leading to greater gains on SL
tasks. However, this method introduces a signifi-
cant computational cost, especially as the number
of repetitions increases. To mitigate this overhead,
we explore an early-exit strategy. We hypothesize
that intermediate-layer embeddings can yield com-
petitive performance compared to last-layer em-

beddings. To verify this, we fine-tuned our best-
performing decoder (Mistral-7B) with sequence
repetitions r ∈ {1,2,4,8} up to, but not including,
layer L ∈ {9,14,19,24}. Mistral-7B has 32 layers,
and exiting at layer L = 24 results in a roughly
28% reduction in the number of parameters. We
report results on validation and test sets in Figure 5.
Earliest layer embeddings from L = 9 do not per-
form on par with the embeddings from the last
layer, especially in the case when r = 1. However,
embeddings from layers as early as L = 14 can al-
ready match the performance of the last layer (see
results on Rest14). Generally, the best-performing
embeddings are obtained from early exits at layers
L = 19 and L = 24, and their quality improves with
more repetitions. In some cases, these intermediate
embeddings can even outperform those from the
last layer (see Rest14 validation and NLU++ test
for L = 19), indicating that intermediate layer em-
beddings might be more suitable for some down-
stream tasks, a finding that aligns with previous
work (Skean et al., 2025).

4.5 Inference profiling for early exiting

Table 2 provides profiling results of inference
speedup with respect to repetition and early exit fac-
tors. Early exiting significantly increases inference
speed. For instance, at r = 2 and exit at L = 24,
the model matches the base model’s inference time,
demonstrating that early exiting effectively miti-
gates the additional computational overhead, while
performing on par with the base model (see Fig-
ure 5).
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Configuration r = 1 r = 2 r = 4 r = 8

exit@L = 9 3.96 2.89 2.13 1.47
exit@L = 14 2.15 1.74 1.25 0.82
exit@L = 19 1.51 1.25 0.98 0.59
exit@L = 24 1.17 0.98 0.72 0.46

Table 2: Profiling results calculated on the validation
sets of NLU++, ACE05, Rest14, and CoNLL2003. We
report speedup factors relative to the base Mistral-7B
(no early exiting, r = 0) across different early exiting
configurations and multiple repetitions (r).

4.6 Juxtaposing decoders and encoders of
comparable size

Table 1 juxtaposes decoders with strong encoders,
but not on the same scale. For example, we com-
pared RoBERTa with 0.35B parameters to decoders
from 1.7B to 9B parameters. To account for the
model size factor, we level the playing field and
experiment with much smaller Qwen3 decoders
with 0.34B and 0.6B parameters. We obtain the
Qwen3-0.34B model by early exiting at L = 13 of
Qwen3-0.6B. We fine-tune the models with SR for
r ∈ {1,2,4,8} and report the absolute differences
from RoBERTa in Figure 6. The results show that
even the smallest decoder-only model can perform
on par with the best encoder-only model when us-
ing our SR method, with higher r generally yielding
improvements. The improved performance of de-
coders over encoders at the billion-parameter scale,
combined with SR, justifies the computational cost.

5 Related work

Decoder-as-encoder adaptation. Causal LM pre-
training enforces a causal mask that blocks atten-
tion to future tokens, a property that benefits left-to-
right generation but prohibits individual token-level
representations from being fully contextualized.
Despite this architectural constraint, decoder-only
LMs yield strong sequence embeddings without ar-
chitectural modifications via mean pooling or last
token extraction (Muennighoff, 2022). To further
enhance embedding performance, recent works en-
able access to bidirectional information through
architectural interventions. BehnamGhader et al.
(2024) propose LLM2Vec, a method consisting of
three interventions on decoders: causal mask re-
moval, self-supervised training for masked next
token prediction, and unsupervised learning to
improve sentence embedding capabilities of the
model. Similarly, NV-Embed (Lee et al., 2025)
also remove the causal mask and add a trainable
latent attention layer to pool the sequence outputs
into a more expressive fixed-size embedding, while
Causal2Vec (Lin et al., 2025a) utilize an encoder
model to produce a sentence embedding aware
of bidirectional context termed Contextual token,
which they prepend to the decoder input and pro-
duce the final sentence embedding.

Causal mask removal was also shown to be an
effective strategy for token-level tasks such as SL
(Li et al., 2023; Dukić and Šnajder, 2024). In a
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similar vein, Huang et al. (2025) improve question-
answering performance of decoders by aggregating
outputs from standard causal attention and right-
only attention obtained via a mask complementary
to the causal mask.

In contrast to the aforementioned methods,
which require extenstive training for decoder-as-
encoder adaptation, Springer et al. (2025) show
that bidirectionality can be enabled without archi-
tectural modifications by concatenating a sequence
to itself. Other approaches improve representa-
tions through prompting (Jiang et al., 2024; Lei
et al., 2024), iterative token embedding injection
(Fu et al., 2025), re-routing key-value states (Tang
and Yang, 2026), or training-free architectural re-
configuration (Lin et al., 2025b). We continue the
line of work investigating bidirectionality without
architectural modifications for token-level tasks.

Sequence repetition. In addition to Springer et al.
(2025), who demonstrated that sequence repetition
can strengthen sentence representations, related
works explore re-reading prompts to improve text
understanding in LMs (Xu et al., 2024; Leviathan
et al., 2025), and analyze mechanisms of repetition
in LMs (Mahaut and Franzon, 2025; Hiraoka and
Inui, 2025). Our work complements this line of
research by investigating the effects of repetition
on token-level embeddings and, consequently, on
downstream SL performance.

Intermediate-layer embeddings quality. Early
exiting techniques utilize intermediate hidden rep-
resentations of transformer-based models, rather
than final-layer ones, motivated by the fact that the
residual stream ties semantic spaces between lay-
ers (Geva et al., 2022). Early exiting offers a sim-
ple and effective approach for balancing inference
costs by leveraging the computational nature of
transformers (Teerapittayanon et al., 2016; Huang

et al., 2018; Jazbec et al., 2024). Indeed, extract-
ing embeddings from intermediate layers has been
shown to yield superior sequence-level representa-
tions compared to final-layer pooling (Rep et al.,
2024). This benefit has been observed across nu-
merous downstream tasks, not only in NLP but also
in computer vision (Alain and Bengio, 2018; Skean
et al., 2025). Motivated by these insights, we ex-
plore the viability of early exiting as a means to
counteract the computational overhead of SR.

6 Conclusion

While powerful decoder-only models are achieving
competitive results on sequence labeling (SL) tasks,
adapting their unidirectional architecture to inher-
ently bidirectional tasks often requires invasive
changes, such as removing the causal mask. In con-
trast, sequence repetition (SR) is a more straight-
forward, input-level method that enables bidirec-
tionality without altering the model’s core struc-
ture. We show that SR improves token-level repre-
sentations in decoder-as-encoder setups, yielding
consistent SL gains over strong encoders and un-
masked decoders. Moreover, we demonstrate that
performance continues to improve with multiple
repetitions and that an early-exit strategy utilizing
intermediate-layer embeddings offers a favorable
quality–efficiency trade-off. A qualitative analysis
contrasting model performance across adaptation
strategies further highlight performance benefits ob-
tained by SR, highlighting the effectiveness of this
simple method. Our results establish SR as an ef-
fective, architecture-preserving method for achiev-
ing bidirectionality in decoder-only LMs. Future
work could extend this approach to multilingual
and structured prediction settings and explore adap-
tive repetition schedules conditioned on instance
complexity.
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Limitations

Our approach has a number of key limitations.
Firstly, we report means over five runs with dif-
ferent random seeds to improve reliability. Increas-
ing the number of runs or utilizing k-fold cross-
validation would further improve robustness of our
findings. Next, we maintain fixed learning rates
and hyperparameters across experiments, may have
led to suboptimal adaptation for SL and underuti-
lization of the increased processing capacity as a
result of higher repetition counts. Furthermore,
additional unmasking configurations other than un-
masking only the middle layers would likely reduce
the performance gap between SR and unmasking
baselines. However, trying out even a subset of
all possible layer group unmasking configurations
would be immensely computationally demanding.
While the open-weight landscape is rich, our ex-
periments target models with 1.7 to 9 billion pa-
rameters. Experimenting with larger open-weight
LLMs could yield further insights into the behav-
ior of decoders when presented with additional
sequence repetitions. Crucially, our experiments
are limited to English language datasets. Extend-
ing to other languages and more diverse corpora
should be explored as a next step. Additionally,
we conducted our experiments on four SL datasets,
which, although diverse, may not capture all the
peculiarities of the broader landscape of SL tasks.
Finally, although sequence repetitions evidently
help to improve the performance of decoders on
SL tasks, they become increasingly inefficient to
compute beyond r = 4, even when early exiting at
layer L = 24, offering diminishing returns relative
to their additional cost.
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par Sakmann, Dan Zhang, Christian A Naesseth, and
Eric Nalisnick. 2024. Fast yet safe: Early-exiting
with risk control. Advances in Neural Information
Processing Systems.

Albert Q. Jiang, Alexandre Sablayrolles, Arthur Men-
sch, Chris Bamford, Devendra Singh Chaplot, Diego
de las Casas, Florian Bressand, Gianna Lengyel, Guil-
laume Lample, Lucile Saulnier, Lélio Renard Lavaud,
Marie-Anne Lachaux, Pierre Stock, Teven Le Scao,
Thibaut Lavril, Thomas Wang, Timothée Lacroix,
and William El Sayed. 2023. Mistral 7B. Preprint,
arXiv:2310.06825.

Ting Jiang, Shaohan Huang, Zhongzhi Luan, Deqing
Wang, and Fuzhen Zhuang. 2024. Scaling sentence
embeddings with large language models. In Findings
of the Association for Computational Linguistics:
EMNLP 2024, pages 3182–3196, Miami, Florida,
USA. Association for Computational Linguistics.

Chankyu Lee, Rajarshi Roy, Mengyao Xu, Jonathan
Raiman, Mohammad Shoeybi, Bryan Catanzaro, and
Wei Ping. 2025. NV-Embed: Improved techniques
for training LLMs as generalist embedding models.
In International Conference on Learning Representa-
tions.

Yibin Lei, Di Wu, Tianyi Zhou, Tao Shen, Yu Cao,
Chongyang Tao, and Andrew Yates. 2024. Meta-task
prompting elicits embeddings from large language
models. In Proceedings of the 62nd Annual Meeting
of the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 10141–10157, Bangkok,
Thailand. Association for Computational Linguistics.

Yaniv Leviathan, Matan Kalman, and Yossi Matias.
2025. Prompt repetition improves non-reasoning
llms. Preprint, arXiv:2512.14982.

Quentin Lhoest, Albert Villanova del Moral, Yacine
Jernite, Abhishek Thakur, Patrick von Platen, Suraj
Patil, Julien Chaumond, Mariama Drame, Julien Plu,
Lewis Tunstall, Joe Davison, Mario Šaško, Gunjan
Chhablani, Bhavitvya Malik, Simon Brandeis, Teven
Le Scao, Victor Sanh, Canwen Xu, Nicolas Patry,
and 13 others. 2021. Datasets: A community library
for natural language processing. In Proceedings of
the 2021 Conference on Empirical Methods in Nat-
ural Language Processing: System Demonstrations,
pages 175–184, Online and Punta Cana, Dominican
Republic. Association for Computational Linguistics.

Zongxi Li, Xianming Li, Yuzhang Liu, Haoran Xie,
Jing Li, Fu lee Wang, Qing Li, and Xiaoqin Zhong.
2023. Label supervised LLaMA finetuning. Preprint,
arXiv:2310.01208.

Ailiang Lin, Zhuoyun Li, Kotaro Funakoshi, and Man-
abu Okumura. 2025a. Causal2Vec: Improving
decoder-only LLMs as versatile embedding models.
Preprint, arXiv:2507.23386.

Ziyong Lin, Haoyi Wu, Shu Wang, Kewei Tu, Zilong
Zheng, and Zixia Jia. 2025b. Look both ways and no
sink: Converting LLMs into text encoders without
training. In Proceedings of the 63rd Annual Meeting
of the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 22839–22853, Vienna,
Austria. Association for Computational Linguistics.

6452

https://arxiv.org/abs/2403.08295
https://arxiv.org/abs/2403.08295
https://arxiv.org/abs/2403.08295
https://arxiv.org/abs/2408.00118
https://arxiv.org/abs/2408.00118
https://doi.org/10.18653/v1/2022.emnlp-main.3
https://doi.org/10.18653/v1/2022.emnlp-main.3
https://doi.org/10.18653/v1/2022.emnlp-main.3
https://doi.org/10.18653/v1/2025.naacl-short.41
https://doi.org/10.18653/v1/2025.naacl-short.41
https://doi.org/10.18653/v1/2025.naacl-short.41
https://doi.org/10.5281/zenodo.1212303
https://doi.org/10.5281/zenodo.1212303
https://proceedings.mlr.press/v97/houlsby19a/houlsby19a.pdf
https://openreview.net/forum?id=Hk2aImxAb
https://openreview.net/forum?id=Hk2aImxAb
https://doi.org/10.1016/j.knosys.2024.112907
https://doi.org/10.1016/j.knosys.2024.112907
https://doi.org/10.1016/j.knosys.2024.112907
https://proceedings.neurips.cc/paper_files/paper/2024/file/ea5a63f7ddb82e58623693fd1f4933f7-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/ea5a63f7ddb82e58623693fd1f4933f7-Paper-Conference.pdf
https://arxiv.org/abs/2310.06825
https://doi.org/10.18653/v1/2024.findings-emnlp.181
https://doi.org/10.18653/v1/2024.findings-emnlp.181
https://openreview.net/forum?id=lgsyLSsDRe
https://openreview.net/forum?id=lgsyLSsDRe
https://doi.org/10.18653/v1/2024.acl-long.546
https://doi.org/10.18653/v1/2024.acl-long.546
https://doi.org/10.18653/v1/2024.acl-long.546
https://arxiv.org/abs/2512.14982
https://arxiv.org/abs/2512.14982
https://doi.org/10.18653/v1/2021.emnlp-demo.21
https://doi.org/10.18653/v1/2021.emnlp-demo.21
https://arxiv.org/abs/2310.01208
https://arxiv.org/abs/2507.23386
https://arxiv.org/abs/2507.23386
https://doi.org/10.18653/v1/2025.acl-long.1113
https://doi.org/10.18653/v1/2025.acl-long.1113
https://doi.org/10.18653/v1/2025.acl-long.1113


Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
RoBERTa: A robustly optimized BERT pretraining
approach. Preprint, arXiv:1907.11692.

Ilya Loshchilov and Frank Hutter. 2019. Decoupled
weight decay regularization. In International Confer-
ence on Learning Representations.

Matéo Mahaut and Francesca Franzon. 2025. Rep-
etitions are not all alike: distinct mechanisms
sustain repetition in language models. Preprint,
arXiv:2504.01100.

Niklas Muennighoff. 2022. SGPT: GPT sen-
tence embeddings for semantic search. Preprint,
arXiv:2202.08904.

Maria Pontiki, Dimitris Galanis, John Pavlopoulos, Har-
ris Papageorgiou, Ion Androutsopoulos, and Suresh
Manandhar. 2014. SemEval-2014 task 4: Aspect
based sentiment analysis. In Proceedings of the 8th
International Workshop on Semantic Evaluation (Se-
mEval 2014), pages 27–35, Dublin, Ireland. Associa-
tion for Computational Linguistics.

Alec Radford, Karthik Narasimhan, Tim Salimans, and
Ilya Sutskever. 2018. Improving language under-
standing by generative pre-training.
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A Details of experimental setup

A.1 Models and datasets

In Table 3, we show the list of models we used
and their HuggingFace identifiers. In Table 4, we
present the statistics of the datasets on which we
conduct our experiments.

A.2 Classification with decoders

To perform classification tasks, decoder models
must be equipped with a classification layer. We im-
plement this by using a softmax linear layer whose
input dimension is the size of the hidden vectors
produced by the model, and output dimension of
the number of target classes. This assigns a set of
logits to every token in the input sequence for each
possible label. We input the final hidden state after
the decoder model’s forward pass into this layer.

A.3 LLM adaptation details

In this section, we outline the methodology be-
hind modifications to decoder-only models: middle
layer unmasking (§A.3.1) and sequence repetition
(§A.3.2).

A.3.1 Unmasking of middle layers
Firstly, we determine which layers are the mid-
dle ones in a given model. The selection of
these layers is determined dynamically based on
the total number of hidden layers, denoted as
N = config.num_hidden_layers. The interval
bounds are computed as follows:

Nu =

⌊
N
3

⌋

even

lb =
N
2
−1− Nu

2
, ub =

N
2
+

Nu

2
.

This formulation ensures that a symmetric range
of layers is selected around the midpoint of the
model. The parameter mask_cutoff defines the
width of the interval (approximately one-third of

the total number of decoder layers, rounded to an
even number), while lb and ub mark the lower and
upper bounds of the chosen layer indices, meaning
layers with the indices in [lb,ub] are unmasked.

A.3.2 Sequence repetition
Repetition is implemented by concatenating a given
input tensor k times. This is done before the
model’s forward pass, meaning that padding to-
kens are also repeated. We also experimented with
padding that leaves no padding tokens between
each repetition but found no significant difference
in performance, likely because rotary positional
embeddings encode relative positional information
(Su et al., 2024).

A.4 Tokenization, optimization, and compute
RoBERTa requires tokenization with added prefix
space, and its tokenizer was the only one enabled
with it. We adjust the cross-entropy loss to consider
only the first token of each tokenized word from the
input sequence. Maximum length for a tokenized
sequence is set to 256 tokens since no sequence
among the tested datasets exceeds it. All of the
reports are computed from five runs with seeds =
5,29,42,81,123. Tokenized sequences are padded
to the length of the longest sequence in a given
batch.

In our QLoRA usage, we quantize all models
with four-bit precision. Model parameters are
stored using a normalized four-bit floating-point
format, n f 4. Computation is performed in a half-
precision f p16 format. No double quantization is
performed. This configuration reduces the memory
footprint when training models, allowing us to effi-
ciently perform training on the resources available
to us.

The total GPU usage for all experiments amounts
to 2800 hours on Ampere A100 GPU.

B Full experimental results

In Table 5 we report the full results for all the con-
sidered models, datasets, and adaptation strategies.
In Figure 7 we report the results for decoder-only
models with sequence repetition on validation sets
of all datasets.

C AI use statement

During the preparation of this manuscript, we used
AI assistance for language editing, rephrasing, and
spell-checking.
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Figure 7: Micro F1 performance for SR across models and validation splits of each dataset. Subplots are aligned in
a 5x7 grid, where rows and columns correspond to datasets and models, respectively. In the fifth row, we display the
performance averaged over all the datasets. Shaded bands denote ±95% CI. All results are averages of five runs.

Model family Model identifier

Gemma google/gemma-7b
Gemma2 google/gemma-2-2b
Gemma2 google/gemma-2-9b
Mistral mistralai/Mistral-7B-v0.3
Qwen3 Qwen/Qwen3-0.6B
Qwen3 Qwen/Qwen3-1.7B
Qwen3 Qwen/Qwen3-4B
Qwen3 Qwen/Qwen3-8B
RoBERTa FacebookAI/roberta-large
ModernBERT answerdotai/ModernBERT-large

Table 3: Models used and their Hugging Face identifiers

Dataset Train Valid Test Total #Cl.

CoNLL03 14,041 3,250 3,453 20,744 4
ACE05 14,672 873 711 16,256 33
Rest14 2,737 304 800 3,841 4
NLU++ 2,152 309 619 3,080 17

Table 4: Dataset statistics: the number of sentences per
split, the total number of sentences, and the total number
of class labels.
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Model Method r NLU++ ACE05 Rest14 CoNLL03 Average

Gemma-7B
Sequence repetition

0 69.48±2.29 69.40±2.64 73.24±0.49 81.87±0.33 73.50±0.89
1 79.70±2.71 71.72±3.45 82.16±1.79 93.20±0.32 81.69±1.19
2 80.44±2.30 74.67±2.22 82.60±1.15 93.38±0.24 82.77±0.85
4 81.29±2.23 74.27±1.41 82.40±0.80 93.38±0.18 82.84±0.69
8 79.34±2.04 71.62±6.00 81.79±1.76 93.25±0.16 81.50±1.64

Middle unmasking - 79.90±3.36 72.15±5.54 83.64±0.68 91.46±4.93 81.79±2.04
Full unmasking - 74.34±2.77 73.08±6.61 76.63±4.97 92.75±0.16 79.20±2.18

Gemma2-2B
Sequence repetition

0 65.43±2.05 64.33±3.77 72.00±0.66 80.13±0.46 70.47±1.09
1 78.07±1.00 74.11±1.73 82.24±0.62 92.60±0.15 81.75±0.52
2 79.98±1.21 72.86±3.64 83.03±1.03 93.05±0.29 82.23±1.00
4 79.27±1.68 72.79±1.20 82.26±1.08 93.09±0.14 81.85±0.58
8 78.91±0.90 72.87±4.34 82.50±0.74 92.87±0.15 81.78±1.12

Middle unmasking - 78.21±2.03 72.30±3.99 82.21±0.40 92.60±0.32 81.33±1.13
Full unmasking - 76.42±2.16 74.33±4.20 81.26±0.64 92.82±0.36 81.21±1.19

Gemma2-9B
Sequence repetition

0 68.99±1.94 67.24±2.86 72.82±1.27 82.20±0.38 72.81±0.93
1 77.76±1.52 76.69±2.63 82.46±0.64 93.44±0.23 82.58±0.78
2 78.83±2.47 74.49±1.71 83.51±0.89 93.58±0.24 82.60±0.79
4 78.50±1.55 72.59±3.18 83.14±1.20 93.59±0.16 81.95±0.94
8 78.17±1.34 73.83±4.28 83.04±0.22 93.51±0.18 82.14±1.12

Middle unmasking - 77.63±1.23 75.91±2.93 83.34±0.97 93.17±0.36 82.51±0.84
Full unmasking - 76.83±2.09 75.79±3.70 82.55±1.28 93.44±0.13 82.15±1.11

Mistral-7B
Sequence repetition

0 69.60±1.52 69.77±1.66 72.51±1.06 77.88±0.60 72.44±0.64
1 79.93±1.46 74.89±3.73 83.84±1.03 93.67±0.09 83.08±1.03
2 80.71±0.72 74.83±6.57 83.54±0.38 93.66±0.23 83.19±1.66
4 80.28±1.78 77.79±5.92 83.31±1.57 93.79±0.19 83.79±1.59
8 81.05±3.25 75.36±3.73 84.18±0.37 93.70±0.22 83.57±1.24

Middle unmasking - 79.35±0.52 77.56±3.31 83.00±0.89 93.48±0.12 83.35±0.87
Full unmasking - 80.23±1.24 76.26±3.77 83.18±0.84 93.69±0.24 83.34±1.02

Qwen3-1.7B
Sequence repetition

0 59.58±2.58 55.25±3.08 65.71±1.18 70.98±0.87 62.88±1.07
1 74.53±1.91 69.62±2.56 77.76±0.50 90.85±0.44 78.19±0.82
2 76.67±1.53 70.66±3.57 79.25±0.26 91.53±0.26 79.53±0.98
4 77.75±1.43 70.18±3.42 79.26±1.03 91.56±0.41 79.69±0.97
8 76.08±1.57 70.75±4.02 78.95±1.29 91.78±0.29 79.39±1.13

Middle unmasking - 73.67±1.46 66.71±3.87 75.71±1.02 90.31±0.42 76.60±1.07
Full unmasking - 67.28±4.24 68.68±3.39 75.32±1.99 90.27±0.45 75.39±1.45

Qwen3-4B
Sequence repetition

0 64.98±2.31 59.00±4.14 68.26±0.50 72.83±0.43 66.27±1.20
1 77.64±1.13 73.53±3.92 80.14±1.88 91.90±0.51 80.80±1.13
2 78.43±1.43 70.72±5.46 80.85±0.87 92.19±0.18 80.55±1.43
4 78.12±2.33 69.69±4.17 81.16±0.79 92.30±0.17 80.32±1.21
8 77.97±1.29 72.58±5.20 81.22±0.48 92.33±0.28 81.02±1.35

Middle unmasking - 74.56±0.81 69.73±2.91 79.60±0.41 91.87±0.34 78.94±0.77
Full unmasking - 73.79±1.17 70.59±4.48 77.76±0.62 91.17±0.17 78.33±1.17

Qwen3-8B
Sequence repetition

0 64.20±3.17 57.27±5.61 68.83±1.71 73.27±0.36 65.89±1.67
1 76.38±2.82 69.83±8.10 81.47±0.53 92.24±0.34 79.98±2.15
2 77.88±1.56 71.41±4.69 82.26±0.20 92.81±0.31 81.09±1.24
4 77.61±2.52 72.11±5.84 82.27±1.11 92.74±0.26 81.18±1.62
8 77.53±1.21 71.96±6.01 81.96±0.80 93.00±0.10 81.11±1.55

Middle unmasking - 75.06±1.18 71.45±2.97 80.17±0.74 92.23±0.38 79.73±0.83
Full unmasking - 74.45±2.72 69.01±3.11 80.01±0.42 91.99±0.29 78.86±1.04

ModernBERT - - 70.50±3.24 68.30±4.18 75.51±1.01 90.02±0.23 76.08±1.35
RoBERTa - - 72.22±1.68 68.96±8.04 80.30±0.78 92.64±0.12 78.53±2.06

Table 5: Micro F1 scores for all models, methods, and repetition counts. Standard deviations are subscripted.
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