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Abstract

Decoder-only large language models (LLMs)
employ autoregressive text processing, attend-
ing exclusively to preceding tokens when gen-
erating subsequent ones. Although this archi-
tectural design excels in text generation appli-
cations, it constrains model performance on cer-
tain text understanding tasks. In this work, we
propose SUNDER, a novel approach that enables
partial bidirectional attention computation. We
validate the proposed approach on three token
spans identification tasks, such as Named En-
tity Recognition (NER), Aspect-based Senti-
ment Analysis (ABSA), and Definition Extrac-
tion (DEF). Results show that SUNDER improves
LLM performance by up to 5 percentage points
compared to traditional instruction-tuning. We
further validate the robustness of our approach
on multiple model families, model sizes, and
prompting techniques. Our evaluation extends
to multilingual scenarios and single-hop ques-
tion answering (QA), confirming SUNDER’s ef-
fectiveness on multiple settings. The code is
made available to the community.1

1 Introduction

Token span identification tasks, such as Named
Entity Recognition (NER) (Seow et al., 2025),
Toxic Spans Detection (TSD) (Pavlopoulos et al.,
2021), and Aspect-Based Sentiment Analysis
(ABSA) (Hua et al., 2024), are among the most
widely studied tasks in NLP. The goal of these tasks
is to detect and label specific tokens or contiguous
sequences of tokens in the input text with prede-
fined categories (Figure 1) (Papay et al., 2020). Ac-
curate token span identification not only improves
task performance but also enhances explainability
in downstream applications, for example, by high-
lighting which tokens in a sentence convey negative
sentiment or polarity (Minh et al., 2022).

1https://github.com/alphaeusdm/SUNDER.git

Apple Inc ORGANIZATION was founded by Steve Jobs PERSON ,

Steve Wozniak PERSON , and Ronald Wayne PERSON in

Cupertino LOCATION , California LOCATION .

Figure 1: An example of token spans identification task
(Named Entity Recognition).

Successful token span identification requires a
holistic understanding of the input text, as the mean-
ing of a token or span often depends on its broader
context (Poddar et al., 2024). Consequently, these
tasks are crucial for evaluating the language un-
derstanding capabilities of language models and
are commonly included in standard benchmarks,
such as GLUE (Wang et al., 2018) and Super-
GLUE (Wang et al., 2019), along with their mul-
tilingual adaptations (Kakwani et al., 2020; Plum
et al., 2026). Results from these benchmarks indi-
cate that transformer-based encoder-only models,
such as BERT (Devlin et al., 2019), achieve state-
of-the-art performance in identifying and extract-
ing token spans (Spala et al., 2020; Ranasinghe and
Zampieri, 2021; Kaur et al., 2024).

More recent decoder-only LLMs, such as
LLaMA-3 and GPT-4, have demonstrated remark-
able capabilities across a wide range of NLP
tasks (Brown et al., 2020). Their left-to-right, au-
toregressive text processing has achieved state-of-
the-art results in text generation tasks (Lei and
Huang, 2025; Afzal et al., 2025) and dialog (Mo
et al., 2025; Oruche et al., 2024, 2025). However,
these models often underperform smaller encoder-
only models, such as BERT (Devlin et al., 2019)
and RoBERTa, on semantic understanding tasks
like token span identification and sequence label-
ing (Han et al., 2023; Wang et al., 2025; Dmonte
et al., 2025). As these tasks often require access
to both past and future context to fully capture
semantic relationships, the autoregressive nature
of decoder-only models limits their effectiveness
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due to the causal attention mask blocking future
context.

Multiple approaches have proposed incorporat-
ing bidirectional attention into decoder-only mod-
els. Recent methods propose removing the causal
mask in all or selected layers (Li et al., 2023; Dukić
and Šnajder, 2024), which requires fine-tuning the
model with sequence- or token-level classification
objectives, deviating from the original causal lan-
guage modeling pre-training objective. This creates
a mismatch between pre-training and fine-tuning,
undermining the autoregressive property and, in
practice, converting these decoder-only models into
encoder-like models, thus reducing their effective-
ness for generative tasks (Yang et al., 2024).

To address this gap, we introduce Selective
Unmasking for Text Understanding - SUNDER, a
method that selectively removes the causal mask
for specific tokens. We answer a fundamental
research question (RQ): Does selectively remov-
ing the causal mask from decoder-only mod-
els bring performance improvement to vanilla
LLMs? To achieve this, the mask is removed only
for the actual input text, while it is retained for in-
structions and other meta-text in the prompt, such
as formatting guidelines or constraints. This se-
lective unmasking allows the model to access fu-
ture tokens within the input, enabling bidirectional
attention and improving text understanding. No-
tably, SUNDER supports evaluation in zero- and few-
shot settings, without requiring fine-tuning with
sequence- or token-level classification objectives.

The main contributions of this work are three-
fold:

1. We propose SUNDER, a novel method that in-
troduces selective bidirectionality in decoder-
only LLMs, improving their ability to perform
token span identification while preserving the
autoregressive property of LLMs during out-
put generation.

2. We demonstrate the generalizability of
SUNDER across multiple tasks, model families,
and model sizes.

3. We show SUNDER’s applicability in multi-
ple languages such as English, French, Ger-
man, Hindi, Italian, Sinhala, and Spanish; and
multiple tasks such as NER, definition ex-
traction, aspect-based sentiment analysis, and
single-hop QA.

2 Related Work

2.1 Token Spans Identification

Token span identification requires models to detect
and classify contiguous sequences of tokens into
predefined categories (Papay et al., 2020; Zampieri
et al., 2023; Dmonte et al., 2025). These tasks can
be broadly categorized into two types based on their
primary objective: (i) Primary span identification
tasks, where identifying and classifying spans is
the end goal itself, such as Named Entity Recogni-
tion (NER) (Seow et al., 2025), chunking (Qu et al.,
2025), and keyphrase detection (Kong et al., 2023);
and (ii) Explainability-oriented span identification
tasks, where spans serve as rationales to explain
or interpret predictions from a classification task,
such as Toxic Spans Detection (TSD) (Pavlopoulos
et al., 2021), which identifies the specific text frag-
ments that make a comment toxic, and aspect term
extraction in Aspect-Based Sentiment Analysis
(ABSA) (Hua et al., 2024), which highlights which
product features drive sentiment judgments (Minh
et al., 2022). Both of these task types have been
widely used in language understanding benchmarks
(Hardalov et al., 2023).

Traditionally, encoder-only transformer mod-
els such as BERT (Devlin et al., 2019), XLM-
RoBERTa (Höfer and Mottahedin, 2023), and De-
BERTa (Martin et al., 2022) have achieved state-
of-the-art performance on span identification tasks.
The standard approach involves adding a token
classification head to a pretrained encoder and fine-
tuning on task-specific data (Devlin et al., 2019;
Kaur et al., 2024). To further improve performance,
Conditional Random Field (CRF) layers (Lafferty
et al., 2001) are commonly added on top of trans-
former encoders to model label dependencies and
enforce sequence-level constraints (Papay et al.,
2020). More sophisticated approaches, such as
Relation Aware Collaborative Learning (Chen and
Qian, 2020), have been proposed to handle complex
relationships between different span types. Models
like UniLM and Encoder-Decoder based models
like T5 have also been explored for these tasks,
where task specific masking strategy can be used
in the former while the latter uses an encoder for
the task input and a decoder to generate the output.
Unlike these models, our approach changes only
the partial causal mask, allowing both causal and
bidirectional attention computation simultaneously.
Additionally, our approach uses a pretrained model,
unlike these models that need to be pretrained.
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2.2 LLMs and Token Spans Identification

Large Language Models have shown improved per-
formance on many NLP tasks (Brown et al., 2020).
Given these successes, recent work has explored
applying LLMs to span identification tasks (Han
et al., 2023; Popovič and Färber, 2024; Morand
et al., 2026; Dmonte et al., 2025). Most exist-
ing approaches rely on prompting strategies or
instruction-based fine-tuning (Wang et al., 2025).
For example, Han et al. (2023) leveraged GPT for
four tasks, namely NER, Relation Extraction, En-
tity Extraction, and ABSA. Similarly, Dmonte et al.
(2025) used several LLMs for identifying token
spans for simple and complex text. They explored
several techniques, and the experiments show that
LLMs consistently struggle to replicate the perfor-
mance of encoder-only models on most tasks.

The main limitation of decoder-only LLMs on se-
mantic understanding tasks lies in their autoregres-
sive text processing. Unlike encoder-only models,
decoder-only models do not have access to future
tokens, hence losing critical information from the
future tokens. To improve the LLM performance
on language understanding tasks such as NER,
ABSA, etc, several approaches have been proposed
that allow access to the future tokens (Li et al.,
2023; Dukić and Šnajder, 2024; BehnamGhader
et al., 2024; Li and Li, 2024; Lee et al., 2025;
Muennighoff et al., 2025; Springer et al., 2025;
Katz et al., 2025).

Existing solutions can be broadly categorized
into prompting-based methods and architectural
modifications. Prompting-based approaches at-
tempt to compensate for the lack of bidirectional
context by manipulating the input, for example,
by repeating the input text within the prompt to
expose the model indirectly to future informa-
tion (Springer et al., 2025). In contrast, architec-
tural approaches explicitly modify the attention
mechanism by converting some or all attention lay-
ers from uni-directional to bidirectional. Notably,
Li et al. (2023) transformed all attention layers
of the LLaMA model into bidirectional ones and
fine-tuned the model using a token classification ob-
jective, achieving improved performance on NER.
Similarly, Dukić and Šnajder (2024) enabled ac-
cess to future tokens in a subset of attention layers.
To better preserve generative capabilities, Li and
Li (2024) proposed modifying only a limited num-
ber of layers, striking a balance between bidirec-
tional understanding and autoregressive generation.

Similarly, Katz et al. (2025), proposed a segment-
based masking approach that allows bidirectional
attention computations for user and system prompts
while preserving autoregressive generation for chat-
based tasks.

While these methods introduce bidirectional at-
tention by altering large portions of the model ar-
chitecture and, in some cases, changing the original
pretraining objective, our approach takes a different
direction. We propose selectively granting access
to future tokens for specific tokens, while retain-
ing the causal language modeling objective of the
pretrained model. This design aims to enhance
semantic understanding without sacrificing the gen-
erative strengths that define decoder-only LLMs.

3 SUNDER - Proposed Approach

The LLMs consist of a causal mask (CM) that is
applied to the dot product of Query (Q) and Key
(K) vectors before computing the softmax. This re-
stricts the model from attending to the future tokens
during attention computation. The causal mask for
the decoder-only model is defined as a triangular
matrix, where the lower triangle is set to 0 while
the upper triangle is set to −∞ to prevent access to
the future tokens during attention computation.

CMi,j =

{
0, if j ≤ i

−∞, otherwise

During the attention computation, before com-
puting the softmax, CM is added to the product
of Q and K.

Attn(Q,K, V ) = softmax(
QKT

√
dk

+ CM)V

As shown in Li et al. (2023), removing the causal
mask improves the LLM’s performance on text un-
derstanding and classification tasks. Unlike their
approach, where they remove the causal mask for
the entire prompt (instruction + input), we only
remove the causal mask for the main input in the
prompt. This allows the model to attend to the
future tokens of the input, which can help in under-
standing the context.

In order to indicate what part of the input the
causal mask is to be removed from, we introduce
two special delimiters: <start> to indicate the start
of the input and <end> to indicate the end of the
input. The causal mask is changed such that it al-
lows all the tokens between the <start> and <end>
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Figure 2: SUNDER: The proposed selective unmasking approach compared to traditional causal language modeling.

tokens to attend to future tokens, i.e., the CM ma-
trix values for all these tokens are changed from
−∞ to 0. The updated causal mask is as follows:

UCMi,j =





0, if (j ≤ i) or
(i ≥ inds and j ≤ inde)

−∞, otherwise

where, inds is the <start> index and inde is the
<end> index. Here, UCM represents the un-
masked causal mask. We initialize the <start>
and the <end> token embeddings with the <bos>
and <eos> token embeddings respectively, to avoid
random initialization of input and output the em-
bedding vectors. Additional details of our approach
are provided in Appendix A.1.

4 Experimental Setup

4.1 Tasks and Datasets
We evaluate SUNDER on three token span identifi-
cation tasks using four available English datasets
presented in this section. The number of instances
used for training, development, and testing for each
task are shown in Table 1.

Named-Entity Recognition (NER) We use
the dataset from the CoNLL 2003 shared task
(CoNLL) (Sang and De Meulder, 2003). The
dataset consists of examples in English and German
annotated with four named entity labels, person, lo-
cation, organization, and miscellaneous names. We
only use the English examples for our experiments.
Additionally, we use English examples from the

WikiNEuRal (Wiki) (Tedeschi et al., 2021) dataset
that consists of examples in nine languages.

Definition Extraction (DEF) We use the DeftE-
val shared task dataset (Spala et al., 2020). We use
the token spans identification dataset consisting of
13 unique labels for definitions and terms.

Aspect-based Sentiment Analysis (ABSA) We
use the dataset from SemEval 2014 Task 4 (Pontiki
et al., 2014). Since this dataset consists only of the
annotated aspect terms, we use the dataset with ex-
tended annotations for the opinion terms annotated
by Wang et al. (2016).

4.2 Baselines and Evaluation

In our experiments, we use three large decoder-only
models, with vanilla instruction-tuning serving as
the primary baseline.

Recent large decoder-only models, that process
text from left-to-right, have shown exceptional ca-
pabilities on several NLP tasks, including genera-
tion and understanding. For our experiments, we
mainly use three models: Llama-3.1-8B, Mistral-
7B-v0.3, and Qwen3-8B. We primarily use these
small models for our experiments; however, we
also considered larger models like Llama-3.1-70B
for ablations, showing that SUNDER works with
larger models as well. The vanilla instruction-
tuning is used as the primary baseline. The base
versions are instruction-tuned on task-specific train-
ing data using the prompts shown in Tables 7.

We compare SUNDER with four additional base-
lines. Following Li et al. (2023) and Dukić and
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Task Example Instance Span Types Reference Train Dev Test Total

CoNLL Sebastian Thrun PERSON started at Google ORGANIZATION in

2007 MISCELLANEOUS

Person, Location, Organiza-
tion, Miscellaneous

Sang and De Meulder (2003) 3,000 300 300 3,600

DEF The scientific method TERM is

a method of research with defined steps DEFINITION

Term, Alias Term, Ordered
Term, Referential Term,
Definition, Secondary Def-
inition, Ordered Definition,
Referential Definition, Qual-
ifier

Spala et al. (2020) 6,969 332 353 7,654

ABSA The pasta ASPECT was delicious OPINION but

service ASPECT was slow OPINION

Aspect, Opinion Wang et al. (2016) 1,902 447 673 3,022

Table 1: Overview of token span identification datasets we experimented with annotated examples and data splits.

Šnajder (2024), we remove the causal mask and
replace it with a bidirectional mask. Similar to Li
et al. (2023), we remove the causal mask from all
the attention layers for one baseline, while for the
other, we remove the causal mask only for a subset
of layers. Specifically, the causal mask is removed
for all the layers between layers 8 and 24. These
layers are selected based on the best configuration
results from Dukić and Šnajder (2024). For both
these unmasking strategies be fine-tuned the LLMs
using standard instruction tuning and for token clas-
sification. We also use fine-tuned RoBERTa and
Flan-T5 models as baselines.

Training runs for 1000 steps with a learning rate
of 1e-4, using the AdamW optimizer and a cosine
learning rate scheduler. We set the training batch
size to 2 with gradient accumulation over 8 steps,
and use a maximum sequence length of 512 to-
kens, which accommodates most sequences in our
datasets. To reduce computational requirements for
LLMs, we apply LoRA with rank 16, alpha value
of 32, and dropout of 0.1. Same hyperparameters
are used to instruction-tune the LLMs with SUNDER,
with prompts shown in Table 8. All models were
trained on two A100 80GB GPUs.

Finally, to evaluate the performance of the mod-
els, we compute the micro F1 score using seqeval2,
considering the exact match of the extracted spans.

5 Results

Table 2 shows the performance of Llama, Mistral,
and Qwen models on the three tasks. Specifically,
we compare the performance of our proposed ap-
proach with vanilla instruction tuning of the LLM
as the baseline. We run the experiments five times
and report the average evaluation scores. For all
models and evaluation measures, the standard devi-
ation was negligible.

As shown, for all the evaluated tasks, SUNDER
2https://github.com/chakki-works/seqeval

outperforms the vanilla instruction tuning approach.
Especially on the ABSA task, SUNDER outperforms
vanilla instruction tuning by upto 8.5 points with
the Mistral and Qwen models, while our approach
outperforms vanilla instruction tuning by 17.3
points on the Llama model.

Approach Model CoNLL Wiki DEF ABSA

Encoder RoBERTa 0.865 0.862 0.654 0.868

Encoder-
Flan-T5 0.897 0.818 0.595 0.791

Decoder

UM-All-IT
Llama-8B 0.000 0.000 0.212 0.208
Mistral-7B 0.862 0.744 0.657 0.647
Qwen3-8B 0.000 0.023 0.000 0.015

UM-LG-IT
Llama-8B 0.860 0.824 0.689 0.694
Mistral-7B 0.880 0.770 0.682 0.696
Qwen3-8B 0.870 0.771 0.610 0.610

UM-All-TC
Llama-8B 0.803 0.876 0.536 0.808
Mistral-7B 0.894 0.884 0.627 0.858
Qwen3-8B 0.848 0.863 0.630 0.812

UM-LG-TC
Llama-8B 0.871 0.817 0.478 0.826
Mistral-7B 0.859 0.832 0.558 0.849
Qwen3-8B 0.790 0.813 0.456 0.823

Vanilla-TC
Llama-8B 0.653 0.744 0.452 0.732
Mistral-7B 0.712 0.788 0.463 0.749
Qwen3-8B 0.658 0.752 0.431 0.720

Vanilla
Llama-8B 0.875 0.839 0.684 0.690
Mistral-7B 0.888 0.801 0.699 0.740
Qwen3-8B 0.875 0.797 0.682 0.700

SUNDER
Llama-8B 0.899 0.881 0.708 0.863
Mistral-7B 0.898 0.866 0.699 0.825
Qwen3-8B 0.888 0.872 0.690 0.778

Table 2: Results (Micro F1) comparison between fine-
tuning LLM (Traditional approach) and SUNDER.
TC=Token Classification and IT=Instruction Tuned.
Best scores for each task are displayed in bold.

On CoNLL, between the vanilla instruction-
tuned and SUNDER models, we see a performance
improvement of upto 2 points across the three mod-
els. For Wiki dataset, we see that SUNDER outper-
forms all vanilla tuned models by upto 7.5 points.
Specifically, there is a substantial performance im-
provement with the Qwen model of 7.5 points,

19175

https://github.com/chakki-works/seqeval


while for Llama and Mistral models, we see gains
of 4.2 and 6.5 points respectively. We also see a
performance improvement on the DEF compared
to the vanilla instruction tuning with gains of upto
2.5 points.

Overall, across all the tasks, we see the perfor-
mance of LLMs improve with SUNDER compared to
the vanilla approach. Among the evaluated LLMs,
Llama performed the best on all four tasks, fol-
lowed by the Mistral model. The results demon-
strate the effectiveness of introducing bidirection-
ality in LLMs.
SUNDER also outperforms the other baselines by

up to 26 points across all tasks. This shows that
removing the entire causal mask from the attention
layers may introduce a mismatch with the pretrain-
ing objective and the models may learn inaccurate
representations. This is notably demonstrated in
the UM-All-IT approach, where models like Llama
and Qwen3 do not generate any output or produce
irrelevant tokens for some tasks like NER. The
results further demonstrate that selectively allow-
ing bidirectionality during attention computation
while maintaining the pretraining objective helps
with text understanding compared to removing the
entire causal mask.

6 Analysis and Discussion

In this section, we analyze the instruction-tuned
models and further discuss the results of additional
ablations conducted to evaluate the generalizability
of our proposed approach in different LLM settings
and across model sizes. This section is organized as
follows: we first analyze the per-label performance
of the instruction-tuned models in Section 6.1. The
performance of in-context learning (ICL) is dis-
cussed in Section 6.2, followed by a discussion
on the performance across different model sizes in
Section 6.3.

6.1 Per Label Performance

From Section 5 we see that SUNDER improves the
performance of LLMs on all four datasets. In this
section, we look at how the performance changes
across the individual labels for each dataset. For
this analysis, we only consider Llama-8B model.
We see similar performance improvements on the
Mistral-7B and Qwen-7B models. Figure 4 show
the per-label performance for each dataset. Look-
ing at CoNLL, we see that the F1-score for Miscel-
laneous entities improves the most followed by

Organization, Person, and Location. For Wiki,
Location and Organization slighly underperforms
vanilla LLM. Among the four named-entities, Mis-
cellaneous entities is more context dependent.

The DEF task has ten labels, of which six labels
have limited examples in the dataset, leading to an
F1-score of 0. Hence, for this analysis, we only
consider the four labels that have sufficient exam-
ples in the dataset. From Figure 4, we see that on
three of the four labels considered, SUNDER outper-
forms traditional instruction tuning. Notably, we
see a 30 points increase in F1-score for the model
identifying the Referential-terms. This observa-
tion is similar to NER, where the performance of
LLMs improve identifying the token spans that are
mostly context dependent. Similarly, for the ABSA
task, we see that SUNDER outperforms traditional
instruction-tuned models, identifying both aspect
and opinion spans, with about 11 points of perfor-
mance improvement on opinion spans. Of the two
span types, opinion spans are the most context de-
pendent as they can be expressed implicitly and
may require surrounding words to be inferred. The
per label performance of the LLMs across tasks
suggests that adding bidirectionality improves the
understanding capabilities of the LLMs and im-
proves the performance of these models on context
dependent span identification. Further analysis of
how the attention computations vary across vanilla
instruction-tuned models and SUNDER tuned mod-
els is provided in Appendix A.4.

6.2 In-Context Learning

Approach CoNLL Wiki DEF ABSA

0-shotVanilla 0.508 0.193 0.119 0.566
0-shotSUNDER 0.492 0.195 0.124 0.561

3-shotVanilla 0.661 0.601 0.427 0.641
3-shotSUNDER 0.680 0.565 0.436 0.651

5-shotVanilla 0.699 0.632 0.437 0.663
5-shotSUNDER 0.679 0.633 0.457 0.674

10-shotVanilla 0.710 0.662 0.494 0.658
10-shotSUNDER 0.692 0.680 0.500 0.691

Table 3: Results (Micro F1) comparison between the
ICL approaches with and without SUNDER. We use the
Llama-8B model.Best scores are displayed in bold.

To evaluate the generalizability of SUNDER across
different LLM approaches, we evaluate the Llama-
8b model in in-context learning (ICL) settings.
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Specifically, we evaluate this model in zero and
few-shot settings. Unlike the instruction tuning ap-
proach, where we use the Llama-8b base model,
for the ICL experiments, we use the Instruct model,
which is instruction-tuned on a large general do-
main instruction dataset. For few-shot experiments,
we provide the input prompt with 3, 5, and 10
examples. The examples are selected using a se-
mantic similarity search strategy. Here, the top-n
semantically similar examples to the input from the
training dataset are used. We also add the <start>
and <end> tokens to the input of each example to
indicate that the input can access future tokens for
attention computation.

As seen in Table 3, SUNDER outperforms vanilla
ICL on three of the four datasets. In zero-shot, our
approach marginally outperforms the vanilla ap-
proach on the Wiki and DEF datasets, whereas, in
few-shot on average, SUNDER outperforms vanilla
few-shot for Wiki, DEF, and ABSA, with 10-
shot achieving the highest F1 score on these three
datasets. Compared to ICL, instruction-tuning with
SUNDER outperforms vanilla instruction-tuning on
all datasets with 1-8 point overall gains. This per-
formance disparity can be attributed to the attention
computations. The models are pretrained autore-
gressively with a causal language model objective,
wherein each token attends only to its preceding
context. Consequently, the attention parameters
and learned representations are optimized assum-
ing strictly left-to-right information flow. Intro-
ducing bidirectional attention without additional
fine-tuning may result in distribution shift between
the pretraining and inference attention patterns, po-
tentially leading to inaccurate representations. An-
other contributing factor to the lower performance
gains for ICL with SUNDER may be the introduc-
tion of the <start> and <end> tokens. Since these
tokens are initialized with the <bos> and <eos>
embeddings respectively, including them in the
prompt may lead to inaccurate attention patterns
and even degraded performance as the generated
output may contain irrelevant tokens. Additionally,
analysis of the outputs indicates that with SUNDER,
the model occasionally generates partial spans or a
single span is split into multiple sub-spans for some
tasks like CoNLL, which affects the F1-score. To
improve the performance of the models in ICL set-
ting with SUNDER, these models need to be retrained
with partial unmasking to allow bidirectional un-
derstanding. We aim to explore this in future work.

Figure 3: Model size comparison across model families.

6.3 Comparison Across Model Sizes

Dmonte et al. (2025) show that for the task of span
identification, the LLM size only slightly improves
the performance. To evaluate if SUNDER performs
better with larger models, we instruction-tune the
larger LLMs and compare the F1-scores to their
smaller counterparts. Similar to (Dmonte et al.,
2025), we experiment with Llama model family,
due to availability of larger models. Due to lack
of comparably sized model variants, Mistral and
Qwen3 models were excluded. We use the Llama-
3.1-70B model. We use the same training config-
uration and hyperparameters as described in Sec-
tion 4.2.

Figure 3 shows the performance of different
models with vanilla instruction tuning and instruc-
tion tuning with SUNDER. As seen, with the vanilla
instruction tuning approach, on all four datasets,
the larger Llama model outperforms its smaller
counterpart. As with our approach, we observe a
similar trend on three of the four datasets. This
observation aligns with the findings in (Dmonte
et al., 2025) that larger models don’t significantly
improve the performance on span identification
tasks. Dukić and Šnajder (2024) in their work, also
perform a similar experiment with model scale.
However, they observe that removing the causal
mask degrades the performance of the larger mod-
els compared to their smaller counterparts. This
shows that removing the entire causal mask affects
the model’s performance. Unlike their approach,
we only remove the causal mask for the main in-
put. From Figure 3, we see that our approach is
size agnostic and it outperforms both small and
large vanilla instruction-tuned models. The results
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Language Example Instance English Translation Train Dev Test Total

DE Oktober 1938 in Viareggio LOCATION , begann seine

Spielerkarriere beim FC Bologna ORGANIZATION .

In October 1938 in Viareggio LOCATION , he began his

playing career at FC Bologna ORGANIZATION .

3,000 300 300 3,600

ES Juega como centrocampista y su actual equipo es el
Club Deportivo Castellón ORGANIZATION de la

Segunda División de España MISCELLANEOUS .

He plays as a midfielder and his current team is
Club Deportivo Castellón ORGANIZATION , of the

Spanish Second Division MISCELLANEOUS .

3,000 300 300 3,600

FR “Nous Autres” MISCELLANEOUS inspira à

George Orwell PERSON le contexte de son roman

“1984”.

“We” MISCELLANEOUS inspired George Orwell PERSON

in developing the context for his novel “1984”.

3,000 300 300 3,600

IT Nel 2011 torna in TV nella fiction di
Rai 1 ORGANIZATION “Che Dio ci aiuti” MISCELLANEOUS ,

al fianco di Elena Sofia Ricci PERSON .

In 2011, she returned to television in the
Rai 1 ORGANIZATION series

“Che Dio ci aiuti” MISCELLANEOUS , alongside

Elena Sofia Ricci PERSON .

3,000 300 300 3,600

HI भारत LOCATION में 29 लाख बǴे खसरे के टʍके कʏ पहली
खुराक से वंɡचत: यूɟनसेफ ORGANIZATION

In India LOCATION , 2.9 million children missed the first

dose of the measles vaccine: UNICEF ORGANIZATION .

3,500 300 300 4,100

SI 9. MISCELLANEOUS ගල‍්කිස‍්ස LOCATION

මෙහ‍්ස‍්ත�ාත‍් අධිකරණෙය‍් ORGANIZATION වැසිකිළිය

අලුත‍්වැඩියා කිරීම

9. MISCELLANEOUS Renovation of the toilet at the

Mount Lavinia LOCATION

Magistrate’s Court ORGANIZATION .

2,410 300 300 3,010

Table 4: Overview of the multilingual named entity recognition datasets, with annotated example instances,
corresponding English translations, and data splits. Entity annotations are retained in the English translations.

further demonstrate that introducing partial bidirec-
tionality improves the model’s understanding.

7 Generalizability Analysis

7.1 Insights on Multilingual NER

Languages, Dataset, and Models To evaluate
SUNDER’s performance on languages other than
English, we carry out a multilingual NER ex-
periments on four high-resource languages (Ger-
man, French, Italian, and Spanish) from WikiNEu-
Ral (Tedeschi et al., 2021) as described in Sec-
tion 4.1. Additionally, we also experiment with
Hindi and Sinhala, which are considered medium
and low-resource languages, respectively (Ranas-
inghe et al., 2025a,b). For Hindi, we use the
Naamapadam (Mhaske et al., 2023) dataset, while
for Sinhala, we use the multiNER (Ranathunga
et al., 2025) dataset. Table 4 provides dataset statis-
tics for each language. We explore the Llama-3.1-
8B and Qwen3-8B models due to their multilingual
capabilities. Similar to our English experiments,
we compare the performance of our approach with
traditional instruction-tuning.

Results Table 5 shows the performance of the
models. Comparing the LLMs, Qwen outperforms
the Llama model on three of the six languages.
This can be attributed to the enhanced multilin-
gual support and high quality training data (Yang
et al., 2025). Between vanilla instruction-tuning
and SUNDER, we see improved performance on all
six languages. On five of the six languages, we see

an average gain of 2.8 points with up to 16 points
of performance gains on Hindi.

Model ES DE FR IT HI SI

Qwen3-8BVanilla 0.938 0.928 0.914 0.897 0.627 0.635
Llama-8BVanilla 0.931 0.930 0.925 0.900 0.755 0.625

Qwen3-8BSUNDER 0.942 0.942 0.929 0.930 0.787 0.644
Llama-8BSUNDER 0.953 0.931 0.952 0.894 0.774 0.666

Table 5: Results on Multilingual NER. We evaluate six
languages, German (DE), Spanish (ES), French (FR),
Italian (IT), Hindi (HI) and Sinhala (SI). Best scores for
each language are displayed in bold.

Analysis of the outputs indicates that with
SUNDER, the model generates partial spans for some
entities. Additionally, between the two models, we
see lower performance in identifying some entities.
The disparities in the performance of different mod-
els can be due to the language specific capabilities
of these models. The bidirectional attention may
affect the learned representation differently for dif-
ferent languages and models. Overall, the results
show the generalizability of SUNDER in multilingual
setting. The observations also suggest that for non-
English languages, SUNDER may work better with
certain models while it may achieve comparable
performance with others. The performance of the
models in non-English languages can be further
improved by using language-specific LLMs.

7.2 Insights on SQUAD

Dataset and Models To evaluate the perfor-
mance of SUNDER in tasks other than token spans
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identification, we experiment with the SQUAD (Ra-
jpurkar et al., 2016) QA dataset. For these tasks,
we enclose both the questions and the context text
within the <start> and <end> tokens. Similar to
the token spans experiments, we use the Llama-
8B, Mistral-7B, and Qwen3-8B models for these
experiments.

Approach Llama-8B Mistral-7B Qwen3-8B

Vanilla 0.743 0.758 0.685
SUNDER 0.824 0.818 0.822

Table 6: Results on the SQUAD dataset. Best scores are
displayed in bold.

Results Table 6 shows the F1-scores of the three
models for vanilla instruction-tuning and SUNDER.
Across the models, Mistral outperforms both Llama
and Qwen models, while for SUNDER, Llama
achieves the best F1-score. Comparing vanilla
instruction-tuning and SUNDER, we see that SUN-
DER improves the performance of all three models
by up to 14 points demonstrating the SUNDER’s
generalizability across different text understanding
tasks, showing consistent gains across models.

8 Conclusion

In this paper, we introduce SUNDER, a novel
approach that enables partial bidirectionality in
decoder-only models by selectively modifying the
causal mask to allow specific tokens to attend to fu-
ture context during attention computation. Unlike
previous approaches that remove the causal mask
entirely or modify all attention layers, SUNDER se-
lectively unmasks only the input text while pre-
serving the autoregressive property during output
generation. For English, we validate our approach
on four token span identification datasets: CoNLL,
Wiki, DEF, and ABSA. We instruction-tune three
LLM families, Llama, Qwen, and Mistral, using
both traditional instruction tuning (with causal
masking) and SUNDER.

We revisit the research question posed in the in-
troduction: Does selectively removing the causal
mask from decoder-only models bring performance
improvement to vanilla LLMs? SUNDER delivers F1-
score improvements across all tasks over vanilla
instruction tuning. We further perform several ab-
lations to evaluate if the performance gains trans-
late across different LLM approaches and model
sizes. Experimental results indicate that SUNDER

also show performance gains on larger models
while we see performance improvement in ICL set-
ting on three of the four evaluated datasets. Finally,
we also show that SUNDER works in multilingual
setting on some of the multilingual LLMs.

Future work will extend SUNDER to enhance its
performance in ICL settings through (a) exploring
complementary training strategies; (b) carrying out
experiments on additional model architectures; and
(c) exploring a wider set of languages, in particular,
low-resource languages.

Limitations

We evaluate open-source models on SUNDER, since
the model details for other proprietary models like
GPT-5 are unavailable. Furthermore, we evaluate
three model families. While we pose that this is
enough to empirically demonstrate the effective-
ness of the proposal approached, it would be in-
teresting to see how SUNDER would perform with
other models.

Ethical Considerations

All datasets used in this work are publicly avail-
able with established research usage permissions.
All datasets have been previously published and
evaluated by the research community. We acknowl-
edge that these datasets may contain biases reflec-
tive of their source domains and the time periods
in which they were collected. Models trained on
these datasets may inadvertently learn and repro-
duce such biases.

Furthermore, the computational requirements of
our approach (requiring multiple A100 GPUs for
training) may limit accessibility for researchers
with fewer resources. We have released our code to
promote reproducibility, but we acknowledge that
computational barriers remain.

Finally, researchers applying SUNDER to new
datasets and/or domains are encouraged to eval-
uate potential biases in their specific contexts and
consider the ethical implications in their intended
applications, particularly in sensitive domains such
as healthcare and law.
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A Appendix

A.1 Additional Details

In this section we provide further details on how
SUNDER differs from the traditional causal language
modeling. As described in 3, the only difference
between traditional causal language modeling and
SUNDER is in the causal mask used during attention
computation. The causal mask used in traditional
causal language modeling restricts the tokens in
the input sequence from attending to the future to-
kens. In contrast, SUNDER changes this causal mask
such that the tokens in the main input can attend
to the future tokens of the input.3 This change in
the causal mask changes the representation of the
hidden states. In the transformer architecture, the
output hidden state representations of a specific
self-attention layer are propagated through the sub-
sequent layers in the attention block. The hidden
state representation of the final token from the fi-
nal self-attention layer is then used to predict the
next token in the sequence. These representations
generated with the traditional causal mask depend
only on the context to the left of each token. Con-
versely, with SUNDER, the representations change
as the causal mask is changed to include future
context for some tokens. This is because the atten-
tion scores computed in each self-attention layer
with SUNDER are different compared to the atten-
tion scores computed with traditional causal mask.
Although the entire input sequence is available to
the model at the last token for both vanilla causal
language modeling and SUNDER, the change in at-
tention scores propagated through the self-attention
layers and subsequently the hidden state represen-
tation of the final token generates different outputs.

A.2 Task Prompts

Table 7 shows the task-specific prompts used in our
experiments. The prompt contains a task-specific
instruction, where, the task definition along with
any additional terminology. These instructions are
followed by the output format and the main input.
It is to be noted that we use a similar prompt for tra-
ditional instruction-tuning. Only the <start> and
<end> tokens are excluded. Moreover, the same
prompts are used for ICL experiments. For few-
shot experiments, examples are included before the
input.

3The input here indicates only the text from which the
spans are to be identified and not the entire input prompt with
the instructions.

A.3 Training and Inference Analysis

SUNDER outperforms traditional instruction tuning
on most tasks, but it may also incur additional com-
putational cost. Hence we compare the training and
inference cost of the traditional instruction tuning
the LLMs and instruction tuning using SUNDER. Ev-
ery 100 steps in traditional instruction tuning are
completed in about 3 minutes, while it takes on an
average 5.5 minutes with SUNDER. This additional
training time can be attributed to the additional
computations required with SUNDER. During infer-
ence, the output per instance is generated in about
1.2 seconds, while with our approach, the output is
generated in about 1.6 seconds. This shows a slight
increase in inference time. This suggest that while
SUNDER gives performance gains, there is compu-
tational overhead that needs to be considered with
this approach.

A.4 Attention Score Analysis

To better understand the effect of SUNDER on the
models attention computation, we visualize the at-
tention weights of the main input tokens across
three self-attention layers for vanilla instruction-
tuned and SUNDER tuned models. Specifically,
we use the fine-tuned Llama models for NER. We
visualize the layers 8, 16, and 24 of the models. As
seen in Figure 5, for SUNDER, we see a distinctive
triangular attention pattern within the main input
span, where the tokens attend to the future tokens as
well. While there is no such inherent pattern visible
for the vanilla instruction-tuned model. Notably, to-
kens such as "New" attend to future tokens "York"
and "City" that are required to precisely identify
"New York City" as a location entity. The bidirec-
tional attention patterns are more pronounced in
middle layers 8 and 16, and weakens in the latter
layers. This suggest that selective unmasking pre-
dominantly changes the token representations in
the middle layers that are responsible for semantic
understanding.

To further quantify how SUNDER changes
hidden representations relative to the vanilla
instruction-tuned models, we compute layer-wise
CKA similarity between the two models on 100
held-out NER examples, measuring the hidden
state similarity of the main input tokens. We plot
the similarity scores and standard deviation across
the hidden layers as shown in Figure 6. Layer 0
shows a lower initial similarity indicating the ef-
fects of the introduced by the delimiter <start> and
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<end> tokens. We further observe an increase in
similarity through the early layers, with the maxi-
mum similarity obtained around the middle layers.
This indicates that both vanilla and SUNDER tuned
models build similar representations in these initial
layers despite the causal mask difference. The sim-
ilarity declines steadily beyond layer 16, with the
lowest similarity obtained at the final layer, indicat-
ing the representational differences between vanilla
and SUNDER models. These observations are con-
sistent with the findings from the attention visu-
alizations, suggesting that the representations pro-
gressively diverge across the layers with the bidi-
rectional attention patterns accumulating through
the middle layers and producing representational
difference in the latter layers. The performance
improvements observed with SUNDER can be at-
tributed to the representational difference in the
final layers which inform the output generation.
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Dataset Prompt

NER

For the given text, identify the named entities. The named entities can belong to one of the following
categories: person, location, organization, and miscellaneous name.

Output Format:
<entity category>: <entity span>

Input:
{input text}

Response:

ABSA

For the given text, identify the aspects and opinions.
• Aspect: The entities to which sentiments are tied to.
• Opinion: The sentiment words or phrases.

Output Format:
Aspect n: <nth aspect>
Opinion n: <nth opinion>

Input:
{input text}

Response:

DEF

For the given text, identify the term and definition spans. The span can belong to one of the following
categories: qualifier, definition, ordered definition, referential term, term frag, alias term frag, definition
frag, alias term, secondary definition, term, referential definition, or ordered term. A span can belong
to only one these categories. The text may or may not have any terms or definitions.

Output Format:
<term-definition category>: <term-definition span>

Input:
{input text}

Response:

Table 7: The task-specific prompts used to instruction-tune the LLMs with the Traditional Approach (Causal LM).
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Dataset Prompt

NER

For the given text, identify the named entities. The named entities can belong to one of the following
categories: person, location, organization, and miscellaneous name.

Output Format:
<entity category>: <entity span>

Input:
<start>{input text}<end>

Response:

ABSA

For the given text, identify the aspects and opinions.
• Aspect: The entities to which sentiments are tied to.
• Opinion: The sentiment words or phrases.

Output Format:
Aspect n: <nth aspect>
Opinion n: <nth opinion>

Input:
<start>{input text}<end>

Response:

DEF

For the given text, identify the term and definition spans. The span can belong to one of the following
categories: qualifier, definition, ordered definition, referential term, term frag, alias term frag, definition
frag, alias term, secondary definition, term, referential definition, or ordered term. A span can belong
to only one these categories. The text may or may not have any terms or definitions.

Output Format:
<term-definition category>: <term-definition span>

Input:
<start>{input text}<end>

Response:

Table 8: The task-specific prompts used to instruction-tune the LLMs using SUNDER.
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Figure 4: Per label F1-score comparison between traditional fine tuning and SUNDER on Llama-8B model.

19186



<|
be

gi
n_

of
_t

ex
t|>

('
Fo

r
th

e
gi

ve
n

te
xt ,

id
en

tif
y

th
e

na
m

ed
en

tit
ie

s .
Th

e
na

m
ed

en
tit

ie
s

ca
n

be
lo

ng to
on

e of th
e

fo
llo

wi
ng

ca
te

go
rie

s :
pe

rs
on

,
lo

ca
tio

n ,
or

ga
ni

za
tio

n ,
an

d
m

isc
el

la
ne

ou
s

na
m

e .\ n \n
Ou

tp
ut

Fo
rm

at :\ n <
en

tit
y

ca
te

go
ry >: <

en
tit

y
sp

an >'
,

) In
pu

t :
Te

xt :
Ita

lia
n

cu
isi

ne is
po

pu
la

r in
Ne

w
Yo

rk
Ci

ty .
Re

sp
on

se :

n

Vanilla

<|
be

gi
n_

of
_t

ex
t|>

('
Fo

r
th

e
gi

ve
n

te
xt ,

id
en

tif
y

th
e

na
m

ed
en

tit
ie

s .
Th

e
na

m
ed

en
tit

ie
s

ca
n

be
lo

ng to
on

e of th
e

fo
llo

wi
ng

ca
te

go
rie

s :
pe

rs
on

,
lo

ca
tio

n ,
or

ga
ni

za
tio

n ,
an

d
m

isc
el

la
ne

ou
s

na
m

e .\ n \n
Ou

tp
ut

Fo
rm

at :\ n <
en

tit
y

ca
te

go
ry >: <

en
tit

y
sp

an >'
,

) In
pu

t :
Te

xt :
<s

ta
rt>

Ita
lia

n
cu

isi
ne is

po
pu

la
r in

Ne
w

Yo
rk

Ci
ty .

<e
nd

>
Re

sp
on

se :

Italian

cuisine

is

popular

in

New

York

City

.

SUNDER

0.0

0.2

0.4

0.6

0.8

1.0

No
rm

al
ize

d 
at

te
nt

io
n

0.0

0.2

0.4

0.6

0.8

1.0

No
rm

al
ize

d 
at

te
nt

io
n

Layer 8  Attention over input span
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Layer 16  Attention over input span
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Layer 24  Attention over input span

Figure 5: Attention weights comparison between vanilla instruction LLM and SUNDER tuned LLM.
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Figure 6: CKA similarity between the vanilla instruction LLM and SUNDER tuned LLM.
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