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Abstract

Causal masking is a fundamental component
in Generative Pre-Trained Transformer (GPT)
models, playing a crucial role during train-
ing. Although GPTs can process the entire
user prompt at once, the causal masking is ap-
plied to all input tokens step-by-step, mimick-
ing the generation process. This imposes an
unnecessary constraint during the initial “pre-
fill” phase when the model processes the input
prompt and generates the internal representa-
tions before producing any output tokens. In
this work, attention is masked based on the
known block structure at the prefill phase, fol-
lowed by the conventional token-by-token au-
toregressive process after that. For example,
in a typical chat prompt, the system prompt
is treated as one block, and the user prompt
as the next one. Each of these is treated as a
unit for the purpose of masking, such that the
first tokens in each block can access the subse-
quent tokens in a non-causal manner. Then, the
model answer is generated in the conventional
causal manner. The Segment-by-Segment
scheme entails no additional computational
overhead. When integrated using a lightweight
fine-tuning into already trained models such
as Llama and Qwen, MAS quickly increases
models’ performances. Our code will be avail-
able at: https://github.com/shacharkz/
MAS-Segment-Based-Attention-Masking .

1 Introduction

The introduction of the transformer architecture
(Vaswani et al., 2017) has significantly advanced
the field of natural language processing (NLP). En-
coder transformer models (Devlin, 2018) read text
bidirectionally, leveraging both preceding and sub-
sequent words to build a rich contextual represen-
tation of the input. In contrast, decoder models,
commonly referred to as GPT models (Radford
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Figure 1: Causal vs. MAS attention: The plot shows
binary values, with the y-axis as the current token in-
dex and the x-axis as tokens it can attend to. MAS
masks prompts in blocks, enabling access to future to-
kens within the same block.
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Figure 2: Fine-tuned models’ performances on the
Commonsense Reasoning benchmark and on zero-shot
prompted version of MMLU. L,M,Q stand for Llama,
Mistral and Qwen respectively.

et al., 2018), process text unidirectionally, from
left to right. This unidirectional structure enables
scalability and makes GPTs particularly effective
for autoregressive tasks, such as conversational Al
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The original Transformer architecture intro-
duced by Vaswani et al. (2017) utilized an encoder-
decoder framework, where the encoder built a con-
text for the input, and the decoder generated the
output. However, this design requires approxi-
mately twice the number of parameters compared
to decoder-only models with equivalent capacity.
Efforts such as those by Dong et al. (2019), Raffel
et al. (2020), and Tay et al. (2023) explored uni-
fied architectures, where a model’s parameters are
trained from scratch to function as both encoder
and decoder. Despite their potential efficiency,
these approaches failed to gain widespread adop-
tion. In contrast, the remarkable success of decoder-
only models, exemplified by GPT-3 (Brown et al.,
2020), has shifted the field’s focus toward architec-
tures almost exclusively based on causal attention.

While the popularity of GPT models continues to
grow, a key limitation is their inability to fully lever-
age information from future tokens. Moreover, the
community’s reliance on established GPT frame-
works presents a significant challenge to adopting
new attention mechanisms. For instance, solutions
often build on existing models to gain traction,
like chain-of-thought prompting (Wei et al., 2022),
which facilitates iterative reasoning over previously
processed tokens.

In this work, we introduce a novel approach
called Masked Attention by Segment (MAS),
which leverages pre-trained GPT models and ad-
just them to utilize information from future tokens.
MAS is inspired by the concept of unified archi-
tecture but eliminates the need for training new
architectures from scratch. MAS achieves this
by modifying the attention masking mechanism of
GPTs, unmasking entire segments of input prompts.
These segments appear as square blocks in Fig. 1.
During autoregressive processing, the model re-
verts to using causal attention, selectively unmask-
ing the attention between future and earlier tokens
that are not available outside of training (the diago-
nal segments in the figure).

On a set of commonsense reasoning and summa-
rization tasks, we show that our lightweight MAS
adaptation can push publicly available GPTs to new
state-of-the-art (SOTA) results; Fig. 2 illustrates
these improvements for commonsense reasoning.

2 Related Work

Encoder-only models like BERT (Devlin, 2018) are
primarily designed for bidirectional understanding

tasks and excel in applications such as classification
and question answering. While BERT can generate
text autoregressively, each newly generated token
changes the attention computation, requiring all
dependent hidden states to be recomputed. Unlike
decoder-only models, which use a key-value (KV)
cache to efficiently generate multiple tokens during
inference, BERT’s bidirectional design prevents
such optimization. This makes BERT impractical
for token-by-token decoding.

The T5 framework (Raffel et al., 2020), with
its encoder-decoder architecture, is effective for
many NLP tasks due to its ability to incorporate
bidirectional context during encoding and causal
generation during decoding. However, SOTA and
efficient performances in text generation are dom-
inated by decoder-only models with causal mask-
ing, such as GPT-based architectures (Brown et al.,
2020; Jiang et al., 2023; Yang et al., 2024; Dubey
et al., 2024; Abdin et al., 2024). These models
are highly efficient for token-by-token generation
but cannot fully utilize input prompt information
in their current design.

The most closely related work to our approach,
PrefixLM, was explored in the TS5 framework (Raf-
fel et al., 2020). PrefixLM operates within a unified
decoder-only architecture but enables bidirectional
attention over a designated prefix of the input se-
quence while maintaining causal attention for the
remainder. However, PrefixXLM requires training
from scratch and is limited to single-turn inputs,
overlooking scenarios with multiple prefill phases,
as often encountered in chat-based systems.

In contrast, our approach enables the easy en-
hancement of SOTA decoder-only models by un-
locking the potential of bidirectional attention in
non-generated segments through lightweight fine-
tuning. Trained on massive corpora with causal
masking, these models can be enhanced with lim-
ited hardware and just a few minutes of fine-tuning,
quickly enabling them to effectively use bidirec-
tional attention during the prefill phase.

Furthermore, MAS is tailored for chat-based
tasks, where prompts are naturally segmented into
components such as system instructions and user
queries. In standard bidirectional attention, to-
ken hidden states depend on future tokens, mak-
ing caching impractical. In contrast to PrefixLM,
which processes the entire input as a single block,
MAS separates the prompts so that the system
prompt’s KV cache remains independent of the
varying user tokens and can be reused efficiently.
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3 Background

Generative Pre-trained Transformer (GPT) models,
also known as decoder-only transformers, are a
family of language models (LMs) that generate
each new token based on all previously produced
tokens. The input, referred to as a prompt, is a
sequence of n tokens denoted as [t!, ... "]

Processing begins with a prefill phase, in which
the model consumes the entire prompt at once to
predict the next token t" 1. Afterwards, the model
enters an autoregressive decoding phase, incre-
mentally generating subsequent tokens t"** for
k=2,3,.... Atthe k-th step, the input is the con-
catenation of the original prompt and all previously
generated tokens:

T A A Lt (1)

This autoregressive process continues until the
model reaches a predefined generation limit or pro-
duces a designated stop token. The resulting se-
quence,

[th, ... t"FH], )

can then serve as a new prompt, initiating another
cycle of prefill and decoding if needed.

3.1 Architecture

GPT architectures are built on a residual stream
that connects multiple transformer blocks, each
comprising three main components: a multi-head
attention block (Attn), a multi-layer perceptron
block (MLP), and layer normalization (LN) ap-
plied before each block.

The attention block operates using four param-
eter matrices: the query matrix W, € R4, key
matrix W, € R4¥4, value matrix W, € R%*4, and
output matrix W, € R%*?¢. These matrices are
divided into h heads, with each head using parti-
tioned matrices of dimensions R¥# . For the ¢-th
head, the projections are given as:

Q' = XW/, 3)
K= XW{, 4)
Vi=XW!, 5

where Q¢, KX,V ¢ R™% and X = [z1...2,) €
R™*? represents the input sequence.

The attention scores for each head are computed
using the position-encoded query and key by:

N 1T
K +M>, ©)

Vi

A? = softmax <

where Q¢ and K are the query and key matri-
ces after applying Rotary Position Embedding
(RoPE) (Su et al., 2024).

Here, M € R™*"™ enforces causal masking, en-
suring that each token attends only to tokens that
precede it in the sequence. This constraint is criti-
cal for maintaining the autoregressive property of
GPT models, where predictions are conditioned
only on prior tokens.

Each attention head output is computed as A“V¢,
and the outputs from all heads are concatenated and
projected using W:

Attn(X) = [AVE . ARV W, (7)

Each attention layer is followed by an MLP
layer. With the SwiGLU variant (Shazeer, 2020),
the MLP architecture in the examined model uses
three weight matrices: Wy, W, Wg e Réxdm
along with an activation function such as SiL.U, f.
The MLP output is computed as:

MLP(X) = (f(XWy) © (XWg))Wp  (8)

The output of the i-th transformer block, includ-
ing layer normalization (LN), is computed as:

Xhwm = X' + Attn(LN(X?)), ©
X — xi 4+ MLP(LN(XS,.)).  (10)

The attention and MLP blocks complement each
other: the attention mechanism captures dependen-
cies between tokens across the sequence, while the
MLP refines these representations independently at
each token. Together, they iteratively enhance the
hidden representation as it flows through the trans-
former layers, with layer normalization stabilizing
the output at each step.

3.2 Fine Tuning

In this work, we examine publicly available GPTs
from HuggingFace (Wolf et al., 2020), including
Llama (Touvron et al., 2023), Qwen (Yang et al.,
2024), and Mistral (Jiang et al., 2023). These mod-
els are pre-trained on extensive corpora to support
general-purpose applications.

A common approach to enhance a GPT perfor-
mance for specific tasks, such as reasoning or con-
versational applications, involves fine-tuning on
task-specific datasets. However, full fine-tuning is
computationally expensive. To address this chal-
lenge, adapter-based fine-tuning methods (Man-
grulkar et al., 2022) have been developed, offering
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a computationally efficient alternative while main-
taining comparable performance. Specifically, we
focus on fine-tuning these general-purpose mod-
els using LoRA (Hu et al., 2022), the most widely
adopted adapter-based fine-tuning technique.

LoRA (Low-Rank Adaptation) fine-tuning mod-
ifies only the weight matrices. Specifically, the
original LoRA paper suggests to modify the at-
tention mechanism only by fine-tuning the query
matrix W, and the value matrix W,,. Instead of di-
rectly updating the full matrices W, and W,,, LoRA
introduces low-rank decomposition matrices A and
B such that the updated matrices become:

W, =W, + AW, =W, + A,B,,
Wv =W, + AW’U =W, + AUBU7

1D
12)

where A, B € R™" and A,, B) € R™", with
r < d being the rank of the decomposition. These
low-rank matrices are trained during fine-tuning,
while the original weights W, and W, remain
frozen. This approach reduces the number of train-
able parameters significantly, making fine-tuning
more efficient.

By modifying only the query and value matrices
with low-rank updates, LoRA enables efficient fine-
tuning while preserving the pre-trained knowledge
stored in the original model weights.

4 Method

Causal attention, as an autoregressive mechanism,
restricts information flow to propagate only from
earlier tokens to later ones. While this design is es-
sential during the autoregressive decoding phase, it
is unnecessarily restrictive during the prefill phase,
in which the entire prompt is available at once.
Specifically, causal masking prevents the model
from leveraging information from later tokens in
the prompt, introducing a constraint in the attention
computation.

For instance, consider the following exam-
ple from the commonsense reasoning task ARC-
Challenge (Clark et al., 2018): Please choose the
correct answer to the question: Giant sloths lived
in the Americas and the Caribbean during the Ice
Age... Most of these sloths disappeared... some
of these sloths lived alongside humans. What is
the most likely reason that these last giant sloths
became extinct? Answerl: disease... Answer4:
humans as predators...”

To correctly answer this question, the model
must infer a specific information from the prompt

(that human lived next to giant sloths) and ignore
other (the fact that sloths lived through the Ice Age
is a distracting detail). In a standard autoregres-
sive model with causal masking, the text is read
unidirectionally. This means the model cannot con-
textualize the final question while reading the initial
sentences. Its success relies solely on its ability to
memorize the prompt, as it cannot revisit earlier
parts of the text when processing subsequent in-
formation. In contrast, humans readers can revisit
earlier sentences or questions to focus on relevant
details and build a coherent understanding.

The unidirectional nature of GPTs with causal
masking imposes a limitation on their capabilities
to integrate context from the entire prompt. To
address this limitation, we propose Masked Atten-
tion by Segment (MAS), which adapts the atten-
tion mechanism to process full prompts more effec-
tively. Similar to encoder-decoder, MAS operates
in two modes — i. Prefill Phase: MAS removes
the strict causal masking within each input prompt,
allowing tokens to attend to both earlier and later to-
kens in the same block. ii. Autoregressive Phase:
MAS reverts to standard causal masking, which
ensures that each token only attends to preceding
tokens. During training, this masking reflects the
autoregressive nature of text generation, where fu-
ture tokens are inaccessible at inference time.

Unlike previous approaches, MAS is designed
for use with already trained GPT models, eliminat-
ing the need to train new models from scratch.
To apply MAS, we modify the attention masking
mechanism within general-purpose GPTs, and fine-
tune the model on a dataset according to its down-
stream task. Specifically, the mask M in Eq. 6 is
defined in the conventional GPT models as:

0 ifi<j

if1 > j.
where M € R™™ and 4,5 € {1,2,...,n} are
token indices.
In MAS, the mask becomes

{o if i < jorS(i) = S(j),
M;; = ]
—oo otherwise.

where S(7) is a function that returns the segment
ID of the token at position 7. Tokens within the
same prefill segment (such as a system prompt or
user prompt) share the same segment ID.

By restricting modifications solely to the at-
tention mask, MAS maintains computational ef-
ficiency and seamlessly integrates with existing

(13)

(14)
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architectures. In chat-based tasks, MAS leverages
the structured nature of interactions, treating in-
puts as distinct blocks: the system prompt (pro-
viding initial instructions or context) and the user
prompt (the user’s actual input). These blocks
are unmasked during the prefill phase, enabling to-
kens within the same block to attend to both earlier
and later tokens. In contrast, the assistant tokens
(model-generated response) use standard causal
masking, ensuring that each token only attends to
previously generated tokens.

During the training phase, given a set of chat-
template examples, the prefill blocks are identified
by special tokens that mark the beginning of the
system and the user prompt segments. During test-
time inference, MAS identifies the prompts as the
inputs. When the model generates its response, it
switches to causal masking.

5 Experiments

We evaluate MAS as an alternative to standard
causal masking. In the following experiments, we
fine-tune a set of GPT models, once using naive
causal masking and once using MAS. To minimize
computational costs, all fine-tuning setups are con-
ducted with LoRA.

MAS fine-tuning: Our evaluation follows the ex-
perimental setup described in Liu et al. (2024) and
Hu et al. (2023), where models are fine-tuned on
a dataset containing 170,000 samples of reasoning
tasks in the template of chat-based prompts. The
training and test samples are from eight distinct
datasets, each designed to evaluate different rea-
soning abilities. Some datasets, like BoolQ (Clark
et al., 2019), provide naturally occurring yes/no
questions about general knowledge, such as “Is
your body temperature lower in the morning?”.
Others, such as WinoGrande (Sakaguchi et al.,
2021), are fill-in-the-blank tasks with prompts like
“It was easy for Amy but not Rachel to create a meal
because [blank] had taken woodshop in school. Op-
tion 1: Amy, Option 2: Rachel”. While couple
datasets evaluate scientific reasoning, such as the
ARC Challenge (Clark et al., 2018), others, like
HellaSwag (Zellers et al., 2019), focus on narra-
tive completion, and PIQA (Bisk et al., 2020) on
physical commonsense reasoning.

All samples are structured as multiple-choice
question-answering tasks and are written in an
instruction-based format. The system prompt
states: “Below is an instruction... Write a response

that appropriately completes the request”, followed
by the user prompt, presenting the actual question,
such as “Please answer the following question...”.

This diverse range of tasks enables us to assess
model performance across various reasoning abili-
ties, offering a comprehensive evaluation of MAS’s
effectiveness in enhancing GPT-based models.

The hyperparameters used for all models are
detailed in Appendix A. These settings are primar-
ily based on the implementation used by Liu et al.
(2024), with the exception of the batch size, which
was adjusted due to computational constraints, and
therefore also the learning rate. To ensure a fair
evaluation, for each model we explored several
learning rates in the range of [le — 5, le — 3]. The
learning rates selected for both masking approaches
are the ones that achieved the highest average accu-
racy with causal masking, i.e., performance might
be higher for MAS with other learning rates.

Our experiments include models from the Llama
family (Dubey et al., 2024), Qwen 2.5 (Team,
2024), and Mistral (Jiang et al., 2023). For com-
parison, we also include results for GPT 3.5-turbo
(Radford et al., 2018) when using a zero shot chain-
of-thoughts (CoT), as provided by Hu et al. (2023).

The results in Table 1 illustrate that Masked
Attention by Segment (MAS) consistently outper-
forms causal masking across most tasks and mod-
els. While the improvements are modest for some
tasks and models, they are still significant: for ex-
ample, MAS achieves an average accuracy increase
of approximately 1.2% on BoolQ and PIQA. For
the remaining tasks, the improvements range from
3.5% to 4.75%. These gains translate to an over-
all increase in average accuracy of around 1% to
7% across different models. When analyzing per-
formance on individual tasks, MAS delivers better
results for all models in nearly every case, as re-
flected in the MAS win rate shown in the last row
of the table. The only exceptions are a single model
that did not improve on BoolQ and the HellaSwag
task, where MAS underperforms.

The decline in performance on HellaSwag, a task
characterized by longer prompts, is attributed to
our experimental setup: following previous work
(Liu et al., 2024), we employed a maximum se-
quence length cutoff of 256 tokens during fine-
tuning. To examine the fine-tuning-cutoff effect on
MAS, we increased the maximum sequence length
to 1024 tokens and retrained our models. Due to
computational constraints, this setup was applied
only to models with up to 3B parameters. The re-
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Model BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c  OBQA Avg.
GPT 3.5-turbo CoT 73.1 854 68.5 78.5 66.1 89.8 79.9 74.8 77.0
Llama-3-8B 74.5 87.8 79.2 94.5 84.7 89.4 77.2 84.4 84.0
Llama-3-8B+MAS 74.9 88.6 81.5 93.2 88.0 92.3 81.5 86.8 85.8
Llama-3.1-8B 73.5 87.5 80.3 94.4 85.3 88.8 78.0 84.8 84.1
Llama-3.1-8B+MAS 74.8 88.0 82.0 91.6 86.0 92.2 81.7 85.8 85.2
Llama-3.2-1B 62.1 72.1 71.0 58.7 65.4 67.0 49.3 61.0 63.3
Llama-3.2-1B+MAS 62.4 78.2 73.0 69.1 70.2 72.7 55.5 67.6 68.6
Llama-3.2-3B 70.0 83.4 77.2 90.7 79.5 83.0 70.6 78.0 79.0
Llama-3.2-3B+MAS 71.1 86.0 79.6 90.6 83.9 89.4 75.1 82.6 82.3
Mistral-7B-v0.1 74.3 88.4 80.0 94.8 85.6 88.8 78.8 86.6 84.7
Mistral-7B-v0.1+MAS 70.9 88.5 82.5 91.4 88.2 92.6 80.5 89.2 85.5
Mistral-7B-v0.3 74.7 87.6 79.8 74.5 84.2 88.6 76.8 86.6 81.6
Mistral-7B-v0.3+MAS 74.6 89.1 81.0 89.6 88.2 91.0 78.7 86.2 84.8
Qwen2.5-3B 60.4 84.7 75.9 66.7 77.4 92.8 81.7 85.0 78.1
Qwen2.5-3B+MAS 68.3 85.6 80.6 90.7 83.8 93.5 84.0 86.2 84.1
Qwen2.5-7B 72.2 90.1 79.4 94.4 83.3 95.2 87.6 90.6 86.6
Qwen2.5-7B+MAS 73.7 90.3 83.5 94.5 88.8 96.7 90.1 93.0 88.8
MAS win rate 75.0 100.0  100.0 50.0 100.0 100.0 100.0 87.5 100.0
Table 1: Results on the Commonsense Reasoning benchmark.
model BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA Avg.
Llama-3.2-1B 62.2 74.0 70.3 73.8 64.9 67.6 50.1 62.4 65.6
Llama-3.2-1B+MAS 64.5 80.0 74.7 87.2 74.2 78.8 61.3 75.2 74.5
Llama-3.2-3B 70.2 84.0 78.1 92.5 79.9 83.0 69.7 78.8 79.5
Llama-3.2-3B+MAS 73.8 87.4 81.5 94.3 85.5 90.7 77.4 84.4 84.4
Qwen2.5-3B 52.0 84.1 78.4 89.5 77.4 92.0 79.9 86.2 79.9
Qwen2.5-3B+MAS 72.0 87.2 80.8 93.2 84.8 93.6 82.2 87.6 85.2
MAS win rate 100.0  100.0 100.0 100.0 100.0 100.0 100.0 100.0  100.0

Table 2: Results of Commonsense Reasoning Tasks when training with sequence length cutoff of 1024.

model train — test BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c  OBQA Avg.
B MAS - CA 622 50.3 31.7 234 52.8 18.6 224 20.0 35.1
CA — MAS 0.0 0.0 0.1 0 0.0 0.0 0.0 0.0 0.0
3B MAS - CA 624 78.2 68.8 22.6 71.0 81.1 63.3 68.6 64.4
CA — MAS 19.6 24 5.9 0.1 0.9 53 4.7 5.6 55

Table 3: Average accuracy on the Commonsense Reasoning tasks for different attention mechanisms while training
and evaluating Llama-3.2 . CA stands for causal attention. The results for MAS — MAS and CA — CA can be

found in Tab. 1 above.

sults, presented in Table 2, indicate that a longer
context window enhances HellaSwag performance
for both MAS and the causal masking baseline.
Notably, MAS-enhanced models now outperform
causal masking across all evaluated tasks, leading
to an increase in overall average scores.

Overall, these findings suggest that MAS has
the potential to enhance the performance of down-
stream tasks of pretrained LLMs, which were orig-

inally trained using causal masking.

MAS fast adaptation: To check whether adapting
to the MAS attention scheme requires more training
than the baseline fine-tuning, we train Llama-3.2
for 3 epochs (63,000 steps), with checkpoints saved
every one-third of an epoch (7,000 steps). Figure 3
presents the average accuracy at each checkpoint.
Evidently, MAS consistently outperforms causal
masking at every stage of training.
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During the initial epoch, the accuracy gap be-
tween MAS and causal masking grows steadily,
with MAS showing incremental improvements over
causal masking. After the first epoch, performance
gains slow for both methods, as training approaches
a plateau. However, the performance gap estab-
lished during the early stages remains consistent
throughout the remaining training steps.

These findings highlight two key points: i.
Rapid adaptation: MAS achieves significant perfor-
mance improvements early in training, and ii. Sus-
tained progress: MAS maintains a stable advantage
throughout training, with consistent improvement
and no sharp fluctuations between steps.

Avg. accuracy (%)
()] ~ [e2]
o o o

v
o

10000 20000 30000 40000 50000 60000
Steps

Model and attention
-@— 3B MAS -@— 1B MAS
—#— 3B Causal 1B Causal

Figure 3: The average accuracy on the Commonsense
Reasoning during the fine-tuning of Llama-3.2, either
1B or 3B using conventional (causal) attention or MAS.

Fine-tuning impact: Next we examine whether
the fine-tuning is essential for MAS, and can MAS
fine-tuned models perform well using only causal
masking. The results, shown in Table 3, reveal that
models fine-tuned with causal masking but evalu-
ated with MAS perform poorly, emphasizing the
necessity of fine-tuning for adapting to MAS. In
contrast, models fine-tuned with MAS and evalu-
ated with causal masking achieve moderate perfor-
mance, approximately half the accuracy obtained
when evaluated with MAS, further emphasizing
the critical role of MAS-specific fine-tuning for
optimal performance.

We also present an ablation study in Appendix B
examining the effects of training different subsets
of model parameters, such as parts of the atten-
tion matrices and the MLP layers. Additionally,
Appendix C presents an ablation study on the hy-
perparameters involved in the fine-tuning process.
Zero-shot: To further validate MAS, we evaluate

the MAS-finetuned models in a zero-shot setting
on the MMLU benchmark (Hendrycks et al., 2021)

Model Causal MAS
Llama-3-8B 56.0 59.1
Llama-3.1-8B 56.3 60.3
Llama-3.2-1B 38.9 42.1
Llama-3.2-3B 51.9 55.7
Mistral-7B-v0.1 55.3 594
Mistral-7B-v0.3  53.5 58.3
Qwen2.5-3B 61.5 65.2
Qwen2.5-7B 69.2 71.8

Table 4: Zero-shot evaluation — average accuracy of
fine-tuned models on the 57 MMLU tasks.

without additional training. MMLU comprises 57
sub-tasks spanning commonsense reasoning, gen-
eral knowledge, and logic, offering a comprehen-
sive evaluation of LM performance. We use the
same chat-based prompt templates from our com-
monsense tasks (Hu et al., 2023) to prompt MMLU.
The results in Table 4 show that all models achieve
an average accuracy improvement of approximately
3%, demonstrating that the benefits of MAS trans-
fer effectively across diverse domains.

Additional summarization task: To demonstrate
the applicability of MAS in another type of genera-
tion tasks, we evaluated it on three standard sum-
marization benchmarks: BillSum (Kornilova and
Eidelman, 2019), XSum (Narayan et al., 2018), and
CNN/DailyMail (Hermann et al., 2015). For each
dataset, models with up to 3B parameters were fine-
tuned with both MAS and standard causal mask-
ing, and evaluated using ROUGE-L (Lin, 2004)
and METEOR (Banerjee and Lavie, 2005). Due
to computational constraints, input samples were
limited to a maximum of 2048 tokens, with up to
50,000 training examples per dataset, and evalua-
tion performed on approximately 5,000 test sam-
ples. BillSum has fewer samples of maximum
2048 token length; therefore, it was trained and
tested on only 10,000 and 1800 samples, respec-
tively. As shown in Table 5, MAS outperforms
causal masking in most settings across datasets and
model sizes. These results indicate that the bene-
fits of MAS extend beyond generating answers for
question-answering tasks and also improve perfor-
mance on other type of generative tasks, such as
summarization.

Emergent attention patterns: To gain insights
into how MAS influences model behavior, we vi-
sualize attention maps of models fine-tuned with
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Model Name BillSum

XSum CNN-DM

ROUGE-L METEOR ROUGE-L METEOR ROUGE-L METEOR

Llama-3.2-1B 0.42951 0.42302 0.28963 0.30218 0.28032 0.35390
Llama-3.2-1B+MAS 0.45337 0.44531 0.30875 0.32312 0.29337 0.35016
Llama-3.2-3B 0.46416 0.46867 0.33351 0.35109 0.29693 0.36297
Llama-3.2-3B+MAS 0.48238 0.48383 0.34493 0.36598 0.30716 0.36958
Qwen2.5-3B 0.45502 0.46479 0.30025 0.31552 0.28961 0.35287
Qwen2.5-3B+MAS 0.47364 0.46799 0.32571 0.34207 0.30048 0.36019

Table 5: Summarization tasks’ performances for models fine-tuned with MAS and causal masking.

Causal MAS

MAS

Causal

Causal MAS

L10H23

Causal MAS

Figure 4: The attention maps of two instances of Llama-3.2-1B fine-tuned for commonsense reasoning tasks, one
with standard causal masking and the other with MAS, reveal distinct patterns: (i) L1H25 (layer 0, head 25) exhibits
N-gram Patterns, indicating attention focused on sequences of consecutive tokens. (ii) LOH13 demonstrates
Block-Specific Patterns, concentrated within defined blocks of the prompts. (iii) L1I0H23 showcases a Forward-
Looking behavior, attending precisely to the next tokens within the same block. (iv) L1H20 serves as an example of

Preserved Patterns.

MAS. In models trained with standard causal mask-
ing, attention maps exhibit a lower triangular struc-
ture, reflecting the restriction that each token can
only attend to preceding tokens. In contrast, MAS
introduces a block-based structure in the attention
maps, allowing tokens within the same block to
attend to each other.

Figure 4 provides a comparison between two in-
stances of Llama-3.2-1B, as detailed in section 5:
one fine-tuned with standard causal masking and
the other fine-tuned with MAS. The input prompt
in this comparison consists of three distinct com-

ponents: the system prompt, the user prompt, and
the assistant’s output. In our analysis, we identi-
fied four distinct attention patterns emerging across
MAS attention heads:

* Preserved Patterns: Certain heads maintain
their original behavior from standard causal mask-
ing, attending primarily to preceding tokens.

* Block-Specific Patterns: A frequently observed
pattern in attention maps is the presence of vertical
lines indicating specific tokens within the prompt
to which many other tokens attend. In causal at-
tention, these vertical lines are confined below the
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main diagonal, but in MAS, they extend above the
diagonal or even span the height of an entire block.
Occasionally, this pattern highlights the boundaries
of a block by emphasizing its first or last token.

* N-gram Patterns: This pattern appears as short

crossed vertical or horizontal lines over the main
diagonal, typically, spanning only a few tokens.
It suggests MAS’s ability to identify the context
of a specific token using its neighboring tokens,
including those preceding and following it. While
causal attention enables context identification from
preceding tokens, MAS extends this capability to
include future tokens as well.

* Forward-Looking Patterns: A Certain atten-
tion heads focus on tokens located exactly a few
steps ahead, identifiable by cross secondary diago-
nals above the main diagonal.

These patterns are illustrated in Figure 4, with
a particularly notable example of the forward-
looking pattern: in layer 10, head 23, an almost
perfect diagonal line appears just above the main
diagonal of the attention matrix. This behavior
demonstrates the ability of certain heads to antic-
ipate and focus on subsequent tokens within the
same block. Importantly, this pattern aligns with
MAS’s design, as it breaks between the system and
user prompts, respecting the separation of blocks.
This forward-looking attention terminates at the
start of the assistant’s output, where causal masking
resumes during the autoregressive phase to ensure
proper token-by-token generation.

Additional results are provided in Appendix D.

6 Conclusions

In this work, we introduced Masked Attention by
Segment (MAS), a novel method to enhance the
performance of GPTs, already trained decoder-only
LMs, by enabling them to leverage future tokens
during input processing. This approach addresses
the inherent limitations of standard causal atten-
tion through a straightforward fine-tuning process.
Extensive experiments on commonsense reasoning
benchmarks demonstrated the scalability and effec-
tiveness of MAS across diverse tasks and training
setups. Notably, MAS consistently outperformed
causal masking in accuracy, with improvements
evident early in training and maintaining a stable
advantage as training progressed.

Limitations

While Masked Attention by Segment (MAS) offers
a promising enhancement for GPT-based models,
several limitations warrant consideration.

First, MAS requires fine-tuning existing models.
Although this process is significantly less resource-
intensive than training models from scratch, it still
imposes computational and time constraints, which
may limit its accessibility for broader adoption.

For evaluation, we selected models from today’s
most capable and widespread publicly available
GPTs, such as Llama-3.2 and Qwen?2.5, focusing
on their base versions rather than their instruction-
tuned counterparts. This choice aligns with pre-
vious work (Liu et al., 2024), which used base
models to avoid the complexities introduced by
model-specific templated prompts. While this ap-
proach provides a consistent evaluation framework,
we acknowledge that MAS may behave differently
on other models or specialized setups.

We run experiments on commonsense reasoning
benchmarks, drawn from prior studies (Hu et al.,
2023; Liu et al., 2024), and a wide array of genera-
tive Q&A tasks as part of the MMLU benchmarks.
Future research will investigate MAS’s applicabil-
ity to additional tasks such as text summarization
and translation.

Ethics Statement

This work aims to enhance language models by
introducing a novel method to improve their perfor-
mance through advancements in the attention mech-
anism. We recognize the potential of such technolo-
gies and emphasize the importance of their respon-
sible use. While our contributions are intended to
support the development of more aligned models,
we stress the need of preventing misuse, such as
generating harmful content. Future research should
focus on promoting applications that align with
societal benefit.
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Hyperparameters Value
LoRA Rank 32
LoRA alpha 64
Dropout 0.05
Optimizer AdamW
LR scheduler Linear
Batch size 8
Cutoff length 256
Warmup steps 100
Epochs 3

Table 6: Common hyperparameters for Commonsense
Reasoning fine-tuning

Model LR,, LRg, Datatype
Llama-3-8B 2e-4  le4 FP16
Llama-3.1-8B 2e-4  2e-4 FP16
Llama-3.2-1B 2e-4  2e-4 FP16
Llama-3.2-3B 8e-5 2e4 FP16
Mistral-7B-v0.1  8e-5  3e-5 FP16
Mistral-7B-v0.3  1le-4 le-4 FP16
Qwen2.5-3B le-4 2e-4 BF16
Qwen2.5-7B le-4 3e4 BF16

Table 7: Model specific hyperparameters for Common-
sense Reasoning fine-tuning

A Additional Fine-Tuning
Implementation Details

In section 5, we presented results for the Common-
sense Reasoning tasks. Here, we provide additional
implementation details.

A.1 Tasks

The benchmarks and their implementations are
based on Hu et al. (2023). The evaluation includes
eight distinct tasks: BoolQ (Clark et al., 2019),
PIQA (Bisk et al., 2020), SIQA (Sap et al., 2019),
HellaSwag (Zellers et al., 2019), WinoGrande (Sak-
aguchi et al., 2021), OBQA (Mihaylov et al., 2018),
ARC-e and ARC-c (Clark et al., 2018). The fine-
tuning dataset, Commonsensel70K, consists of
training samples from these benchmarks, format-
ted into structured templates that include a system
prompt, additional input, and an answer for the
model to complete.

A.2 Hyperparameters

The hyperparameters used for the main fine-tuning
in section 5 are detailed in Table 6. Model-specific
hyperparameters are provided in Table 7, where

LR, refers to the setup in which only the W, W,
matrices are trained, and LR g, corresponds to the
configuration that includes training additional ma-
trices (Wy, Wy, W, Wy, Wp). For both causal
and MAS we used the same hyperparameters. We
adjusted the learning rate between the two setups
of LR, and LREg; after empirically we found the
models did not reach full convergence results with
the same learning rates.

Computation The experiments were conducted on
machines equipped with Nvidia GPUs, including
A5000, A6000, V-100, and A-100 models.

For example, in a LoORA fine-tuning setup with
10, 000 training steps, a batch size of 8 sentences,
and a truncation cutoff at 256 tokens, the training
process takes approximately 90 minutes for Llama-
3.2-3B on an A5000 24GB GPU, for both MAS and
causal attention. For Llama-3.2-1B, the same pro-
cess takes around 40 minutes. As we demonstrated,
this duration is sufficient to adapt an existing GPT
model to work effectively with MAS.

B Trained Matrices Ablation Study

In section 5, we focused on fine-tuning only two
attention matrices ,W,, W,. The original imple-
mentation of our experiments by Liu et al. (2024)
fine-tuned five matrices: the attention matrices
Wy, Wi, Wy, and the MLP’s Wp, Wy, For com-
pleteness, we provide full results for the setup of
fine-tuning the five matrices.

The results in Table 8 reveal a pattern similar to
fine-tuning only the W, and W, matrices, showing
robust and consistent improvements in average per-
formance across all models. However, as with the
Wy, W, setup, MAS does not surpass causal mask-
ing on the HellaSwag benchmark. This limitation
is likely due to the sequence length cutoff applied
during fine-tuning, which constrains MAS’s ability
to effectively process longer tasks like HellaSwag.

These results further support the idea that MAS
is a promising approach for enhancing model per-
formance.

We further explore diverse choices of trained
matrices.  Using Llama-3.2 we examine ad-
ditional fine-tuning setups with unique sets of
trained models’ parameters. Results, summarized
in Figure 5, highlight: (i): Training only the
W, W, matrices achieves the best performance,
with Llama-3.2-3B reaching 82.3% accuracy, com-
pared to 81.7% for W,, Wy, W, and 80.4% for
Wy, Wi, Wy, Wy, Wp. (i1): Surprisingly, train-
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model BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c  OBQA Avg.
Llama-3-8B 75.1 88.6 81.0 95.2 87.1 90.7 78.8 84.4 85.1
Llama-3-8B+MAS 76.4 88.9 82.8 94.6 89.3 93.4 84.5 88.6 87.3
Llama-3.1-8B 72.4 84.5 79.4 93.1 84.3 86.9 74.1 81.0 82.0
Llama-3.1-8B+MAS 70.6 85.4 80.3 90.6 84.1 88.8 76.5 84.6 82.6
Llama-3.2-1B 62.8 74.1 72.8 65.7 67.7 68.6 52.3 65.2 66.2
Llama-3.2-1B+MAS 64.3 77.1 72.5 62.4 71.0 72.9 55.0 68.0 67.9
Llama-3.2-3B 70.8 82.5 77.9 89.7 81.1 81.3 67.2 76.6 78.4
Llama-3.2-3B+MAS 70.0 84.4 79.6 87.4 80.4 86.7 72.5 82.0 80.4
Mistral-7B-v0.1 62.4 86.3 73.3 934 84.4 87.9 76.4 85.0 81.1
Mistral-7B-v0.1+MAS 72.2 86.2 79.0 82.9 85.0 90.1 77.2 83.0 82.0
Mistral-7B-v0.3 68.1 85.9 80.2 87.8 83.7 85.3 72.0 84.6 80.8
Mistral-7B-v0.3+MAS 74.1 75.2 80.9 85.0 85.7 87.7 75.4 85.2 81.1
Qwen2.5-3B 70.2 85.3 78.7 91.8 80.3 91.9 79.4 84.8 82.8
Qwen2.5-3B+MAS 65.9 86.3 81.4 87.4 83.3 93.8 82.4 89.0 83.7
Qwen2.5-7B 74.9 89.9 79.6 95.3 86.0 95.5 88.1 90.6 87.5
Qwen2.5-7B+MAS 76.1 90.7 82.9 94.1 87.5 96.7 89.6 92.6 88.8
MAS win rate 62.5 75.0 87.5 0.0 75.0 100.0 100.0 87.5 100.0

Table 8: Results of Commonsense Reasoning Tasks when training the W, W}, W,, matrices and the MLP’s matrices

Model and attention
B Llama-3.2-3B Causal
I lLlama-3.2-3B MAS

Llama-3.2-1B Causal
N lLlama-3.2-1B MAS
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Figure 5: The average accuracy on the Commonsense Reasoning when training different matrices of Llama-3.2.

ing only the W, matrix achieves 80.3% accuracy,
underscoring the critical role of W, in positional
embeddings via the ROPE mechanism. (iii): Across
all setups, MAS consistently outperforms causal
masking, except when training only the MLP ma-
trices (Wy, Wp). This aligns with the fact that
MAS modifies the attention mechanism, making
the fine-tuning of the attention matrix essential for
leveraging MAS benefits.

C Ablation Study and Training Analysis

This section delves deeper into the fine-tuning pro-
cess of GPTs using MAS, focusing on the Com-
monsense Reasoning task with Llama 3.2.

C.1 Hyperparameter Ablation Study

To ensure the robustness of the results presented in
section 5, we conducted an ablation study across
various hyperparameter configurations. Experi-

ments were repeated with different learning rates
and three random seeds. For efficiency, we lim-
ited training to 10,000 steps and evaluated on six
tasks, excluding HellaSwag and BoolQ due to their
higher computational costs.

The results, shown in Figure 6, confirm consis-
tency across seeds, with slight variances for the
lowest learning rates. The optimal learning rate of
approximately 1e~% was consistent with both mask-
ing setups, indicating that MAS does not require
a different learning rate range. However, MAS
demonstrated sensitivity to higher learning rates:
beyond a certain threshold, performance degrada-
tion was more pronounced with MAS compared to
causal masking. This suggests that MAS requires
more careful learning rate tuning to achieve optimal
results.
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Figure 6: Average accuracy on 6 of the Commonsense Reasoning tasks, as a function of random seeds and learning

rates.

C.2 System and Users Prompts Segments

In section 4, we discussed our decision to separate
the system prompt and the user prompt into two
segments for computational efficiency. Here, we
investigate whether this separation also affects the
model’s performance.

In Figure 7, we present the results of MAS’s
performance when the system and user prompts
are combined into a single segment. The aver-
age accuracy across the Commonsense Reasoning
benchmark show minimal differences compared to
when the prompts are separated, suggesting that
the separation does not significantly impact MAS’s
performance.

We hypothesize that the system prompt, being
consistent across tasks, provides limited additional
information for the model. Instead, the variability
in the user prompt containing the actual question —
is the primary driver of the model’s performance.

Thus, separating the system and user prompts is
justified not only by computational efficiency but
also by empirical evidence, supporting its use as a
practical and effective approach.

D MAS visualization

In Figure 5, we visualized attention maps for mod-
els fine-tuned with MAS. Here, Figure 8 provides
additional visualizations of two Llama-3.2-1B in-
stances, one fine-tuned with standard causal mask-
ing and the other with MAS.

Identifying the specific function performed by
each attention head remains an active area of re-
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o 20 A
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Figure 7: Average accuracy on the Commonsense Rea-
soning tasks for model with MAS, once where the sys-
tem prompts and the user prompts are separated into
two segments, and once when they are unified into one
segment.

search (Zheng et al., 2024), which lies outside the
scope of this work. The visualizations are pre-
sented with two primary objectives: (i) To illustrate
how MAS modifies attention patterns compared to
standard causal masking. (ii) To provide a resource
for future research aimed at gaining deeper insights
into the behavior of models fine-tuned with MAS,
as well as those trained using causal masking.
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Figure 8: The attention maps of two instances of fine-tuned Llama-3.2-1B, one with standard causal masking and
the other with MAS
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