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Abstract. In current language modelling, the decoder-only Transformer architecture with
causal masking has become a cornerstone, demonstrating exceptional performance across
various tasks. However, we have identified two significant limitations: First, causal
masking presents a substantial obstacle to further optimizing overall model efficiency,
particularly in handling long contexts. Second, traditional optimization of causal masking
struggles with uneven attention distribution and the inability to encode absolute positional
information, limiting their effectiveness in position-sensitive tasks. In this work, we
propose the Stable Random Sampling (SRS) algorithm, a novel method to address both
limitations by refining the causal masking process. SRS introduces a pseudo-attention
mask to balance attention distributions for performance refinement and incorporates
random sampling and Locality-Sensitive Hashing (LSH) in causal masking part for
efficient processing, reducing time complexity of this part to O(n). The effectiveness of
SRS is validated both theoretically and empirically. Our pre-training ablation experiments
demonstrate that SRS module virtually enhances the performance of causal masking while
each functional part of it relatively improves efficiency and effectiveness towards different
sizes of tasks, on average showing a 30% reduction in training time and a 50% decrease in
loss rate compared to traditional methods. Then, we further show in empirical experiments
that SRS makes the time 2x faster on a single attention layer than FlashAttention and
exhibits 33% lower perplexity compared to HyperAttention on average in which requires
highly positional sensitive scenarios. Moreover, SRS naturally supports efficient
processing of long sequences and can be easily integrated with existing attention
optimization techniques.

Keywords: Decoder-only Transformer, Causal Masking, Random Sampling, Positional
Information.

1 Introduction

Today, large language models (LLMs) [1-6] have rapidly developed and achieved impressive
success in many areas, especially in the field of NLP [7-10]. The underlying architecture of
LLMs is the decoder-only Transformer, with causal masking [11, 12] being an essential
component. This structure enables LLMs to perform well in generative tasks[3,5], such as text
generation and dialogue systems. Consequently, models like GPT-3 and GPT-4 have been the
most rapid and prosperous. Optimization efforts for decoder-only Transformers have never
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ceased. A novel self-attention layer called 'HyperAttention'[13] has been proposed, which
reduces the time complexity of self-attention layer calculations in previous decoder-only
Transformers from 0(n?) to O(nlogn). Additionally, Stable Mask adjusts causal masking
through its unique pseudo-attention score matrix, leading to more balanced attention allocation
within the context and addressing the shortcomings of relative positional encoding. Despite this
impressive success, we identify two significant issues that need to be solved within that
improvement

The first issue is the algorithm efficiency problem of causal masking. Causal masking [11, 12]
is the essential component of a decoder-only transformer. It enables Transformer models to
better handle tasks that require consideration of temporal order, generating more natural,
coherent, and reasonable text.[ 14] However, causal masking poses a significant obstacle to the
optimization of self-attention algorithms [15]. For instance, HyperAttention [13] achieves near-
linear complexity for context when the sequence length n=131k through a series of algorithmic
optimizations, resulting in more than a 50-fold increase in both forward and backward
propagation speed. However, the recursive algorithmic aspect of causal masking still has a
significant resistance to optimizing the overall model efficiency: when causal masking is used,
the optimization speed of the algorithm plummets from the original 50x to 5x [13]. To be more
specific, the causal masking part increased time expenses and reduced the performance of the
original algorithm. Therefore, through our research on this point, we wanted to find a method
for optimizing the time complexity during the process of causal-masking.

The second restriction is that we found that many other traditional causal masking optimization
attempts cannot solve the following two problems while maintaining calculation efficiency [16]:
(1) Uneven attention distribution: This is a drawback of the softmax function [17,18], as the
output of the softmax function sums to 1. These characteristic forces some attention to be
allocated to unimportant content, such as punctuation [19], leading to decreased efficiency and
accuracy when the model processes long contexts. As a result, the model has certain limitations.
(2) Inability to encode absolute positional information [20, 21]: Relative positional encoding
does not support the application of the model in position-sensitive tasks. For example, Stable
Mask [16], which can address these two issues to help improve accuracy performance in a long
context, still faces the dilemma when trying to alleviate accuracy performance while reducing
computational demand. Consequently, we aim to solve the accuracy problem while addressing
efficiency issues

In order to meet these challenges, through careful study of the optimization theory of Hyper
attention algorithm, and the core ideas of the stable mask algorithm [16], we propose an
algorithm named Stable Random Sampling Algorithm (SRS) to replace the recursive algorithm
used in the previous causal masking in this paper. Our algorithm aims to optimize the time
complexity and to improve the allocation mechanism of the attention mechanism, and finally
achieve an algorithm with O(n) time complexity and can well improve the uneven allocation
of attention and the inability to recognize the absolute positional encoding. Finally, we realize
an algorithm with O(n) time complexity that can improve the uneven allocation of attention
and the inability to recognize absolute positional encoding. The goal is to make HyperAttention
significantly more efficient and productive in dealing with long contexts. The algorithm consists
of three parts: (1) firstly, the Pseudo Attention mask matrix [16] is introduced to participate in
the computation of the attention matrix, (2) on the causal masking processed matrix, LSH is
applied to each row to recognize the heavy entries and the Scale Sampling algorithm for the



overall estimation of the remaining light entries. (3) Finally, the remaining pseudo attention
score is added to the overall computation of the D matrix.

The effectiveness of SRS has been confirmed by us through ablation experiment and empirical
experiments on LLM, indicating it can be conveniently and explicably integrated into all kinds
of decoder-only transformers in replacement of traditional causal masking.

Our core contributions can be summarized as follows:

1. We identified two issues in the optimization of the causal masking part in decoder-only
transformers: the efficiency in optimizing transformers with causal masking and the inability to
reduce the calculational demand while accurately capturing positional information.

2. We propose SRS, an effective and integrable solution to settle both issues by delicately
modifying the causal mask in an efficient way.

3. We validate the effectiveness of SRS with pre-training ablation experiments and empirical
experiments across various tasks and sizes of datasets.

4. We modify SRS with a hardware-efficient method for further practical application.

2 Methodology

To optimize the causal masking process in HyperAttention models, we propose the Stable
Random Sampling (SRS) method. As shown in Fig.1, the algorithm first applies StableMask to
the attention matrix A to ensure accurate causal masking, then leverages Kernel Locality-
Sensitive Hashing (Kernel-LSH) and selective sampling techniques to obtain the diagonal
matrix D.. Specifically, the random sampling method replaces recursive call in the original
HyperAttention algorithm, which reduces the time complexity of from O(nign) to 0(n).

(a) StableMasking Process (b) Random Sampling
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Fig. 1. (a) The StableMasking process, where attention matrix A is first element-wise multiplied by
traditional causal mask M¢, then added with pseudo attention mask P to get M4P. (b) The Random
Sampling process, where M4P is first processed by Kernel LSH to get Mp,;ocesseas then for each row g;
in Mpyocessea» the sum is calculated by adding all the heavy entries, s samples of light entries, and all the

pseudo entries.



2.1 StableMasking

Algorithm 1: StableMask, StableMasking Process

1:  input: Matrices Q,K € R™%, Pseudo Attention Matrix P, StableMask M¢
2:  Initialize Attention Matrix: A = exp(QKT)

3:  Apply StableMask: M4? = A O M + P

4:  return MAF, ASM = MAP O M€

From the StableMask method presented by Yin et al. [16], a lower binary triangular matrix M¢
is generated to serve as the causal mask and an upper triangular P is then generated as the pseudo
attention matrix, where each element p;; is computed as

pij =—v(G—1) (D

Here, y is a constant scaling factor that helps maintain stability in the attention scores by
introducing a temporal bias.

The two masks are represented below.
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The intermediate masked matrix M4” is obtained by applying the two masks.
MA? =(AQ M)+ P 2

Another layer of causal mask is applied to obtain the masked attention matrix A5™:
ASM = (AOQ M€ +P) O M¢ 3)

Effectiveness. From Eq. (3), the final output of the masked attention matrix ASM is still valid in
causal decoding, as it is element-wise multiplied by the causal mask again.

According to Theorem 4.1 in [16], pseudo attention also allows for unique positional encoding
for identical sequences, which refines the attention distribution of the original model.

2.2 Random Sampling

Algorithm 2: RandS, Random Sampling Process

1:  input: Intermediate Matrix M4?, Kernel-LSH Mask Matrix M Pseudo Attention
Matrix P, sampling size S, threshold s

2:  Initialize: generate upper triangular matrix P with p;; ;> = —y(j — i)

3:  Apply Kernel-LSH to M4 My, oo550a = MH O MAP




4:  forrow q; in Mporcesseq dO

S: Sampling S columns of light entries when j < i

6: if length(column) = s then

7: Sample S columns

&: else

9: Sample all columns

10: end if

11: Compute the sum d; of heavy entries, sampled light entries, and p;; ;»;
12:  end for

13: return D; = diag({d;}1-,)

We apply the same sampling method with Algorithm 2 in [13]. According to its proof to Lemma
2, we can guarantee the effectiveness of this approximation Dg of the diagonal matrix D.

Together, we propose the entire algorithm.

Algorithm 3: SRS, Stable Random Sampling

1:  input: Matrices Q,K,V € R™%, Pseudo Attention Matrix P, StableMask MC,
Kernel-LSH Mask Matrix M*, sampling size S, threshold s

2:  Run Algorithm 1 and let {M4F, ASM} = StableMask(Q, K, P, M¢)
3:  Run Algorithm 2 and let Dg = RandS(M4?,M",P,S,s)
4:  return Att = Dg*ASMV

2.3 Time Complexity Analysis

In this section, we focus on our substitution for recursion in the original hyperattention model,
the Random Sampling process, which involves the following two main operations:

Sampling Operation. During the sampling process, each element in the set S is considered
exactly once. The time complexity for processing each element is 0 (1), which results in 0(n)
time for the entire process.

Aggregation Operation. Aggregating the results involves a linear pass through the data,
contributing O(n) time.
In all, the total time complexity of the random sampling method is: O(n)



3 3. Experiment

3.1 Pre-training

In this session, we provide a comprehensive overview of the Ablation Experiments we have
conducted for SRS. As shown in the Fig.2 and Fig.3, we begin by outlining the experimental
methodology. Through the ablation experiments, we want to determine two points: first, if there
is an improvement in the efficiency of DS over the recursive algorithm in HyperAttention, and
second, if there is an improvement in the accuracy of the StableMask for the transformer's
performance in long contexts.

Our Pre-training environment is Google Colab with an NVIDIA A100 GPU and 40 GB of
memory, and the datasets are LongBench [22] from HuggingFace [23].
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dataset
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Fig. 2. Ablation experiment schema, where DS stands for random (direct) sampling, SM stands for
StableMask, and AL stands for angular LSH.
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Fig. 3. (1) A constant accuracy requirement is applied to all models, and the training is stopped once the
accuracy is reached or exceeded. (2) All algorithms have the same training epochs.



Constant Accuracy. According to the results shown in the experimental images, it can be
concluded that compared to the original HyperAttention, which uses a recursive algorithm to
deal with causal masking, both our proposed algorithms DS and DS+SM have a larger reduction
in training time. The result indicates that direct sampling has a larger efficiency improvement
for dealing with causal masking. Focusing on DS and DS+SM, it can be seen that StableMask
has some reduction in the loss of the model during training. This indicates that SRS not only
improves the efficiency of the transformer but also reduces its loss during training.

From Fig.4, we can find out that the loss of SRS decrease about 30% in large and small datasets.
From Fig.5, we observed that the training time of SRS is about 33% lower than the original
algorithm.
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Fig. 4. Loss and accuracy results of the constant accuracy experiment in small and large datasets.
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Fig. 5. Training time results of the constant accuracy experiment.

Constant Training Epoch. Since the number of training epochs is the same, there is not much
difference in their training time, so we can better focus on improving the model performance.
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Fig. 6. Loss results of the constant training epoch experiment.



3.2 Empirical Experiments

We use the experimental setup of [13] as a foundation and conduct a series of experiments to
validate the performance of SRS. Our experimental environment is Google Colab with an
NVIDIA A100 GPU and 40 GB of memory, and the datasets are still LongBench[22]. We
selected FlashAttention as the control group to evaluate the performance of SRS.

Single Self-Attention Layer Replacement. In this experiment, the performance of SRS across
different sequence lengths is tested. We replace the original self-attention layer in the decoder-
only Transformer with SRS and conduct experiments with sequence lengths ranging from 4,096
to 131,072. We then calculate and compare the wall-clock times for both forward and
forward+backward operations when accelerated by SRS, and when computed by FlashAttention
and HyperAttention. We only measure time with causal masking. All input matrices Q, K, V
have the same length with dimension d=64, and the head size for all types of attention is 24.
Additionally, SRS includes an extra gamma parameter used to generate the pseudo-attention
score matrix. All other parameters for SRS and RS remain consistent with FlashAttention and
HyperAttention.

From Fig.7(a), it can be observed that both SRS and RS exhibit are two to three times faster
than FlashAttention, regardless of the sequence length. As the sequence length increases, the
processing speeds of SRS and RS continue to rise relative to FlashAttention before eventually
plateauing. We observe SRS run to up 2xfaster than FlashAttention. Fig.7(b) shows that SRS is
faster than HyperAttention when the sequence length is within 10,000 and exhibits an upward
trend. Specifically, SRS run to up 1.5xfaster than HyperAttention. However, as the sequence
length exceeds 10,000, the advantage of HyperAttention gradually becomes more pronounced,
which calls for closer scrutinization.

Speedup Comparison (RS & SMRS vs Flash)

RS/ Flash
SMRS / Flash
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(a)With FlashAttention
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Fig. 7. (a) Comparison of precise computation times at different sequence lengths using SRS, RS, and
FlashAttention. (b) Comparison of precise computation times at different sequence lengths using RS, SRS,
and HyperAttention.



Monkey Patching Self-attention. To test our SRS performance in long context situations, we
choose chatglm2-6b-32k [24], which is widely used in practical applications. In these LLMs,
we use the SRS to replace the original final attention layers, which can vary from 0 to the number
of all attention layers in each LLM. Then we experiment in LongBench dataset to evaluate the
performance of monkey patched models in respect to perplexity and speed up.

The overall performance of perplexity and speed in chatglm2-6b-32k (ChatGLM2) with SRS
is shown in Fig.8. With the number of replaced layers increasing, the perplexity and speed
increase as well, making the inference time of ChatGLM2 30% faster on 32k context length
while perplexity increases from 5.1 to 6.5. The result is under our theoretical expectation.

(a) chatglm2-6b-32k with SRS

perplexity

12 16 20 24 28
number of replaced layers

Fig. 8. The variations of perplexity and speed up of chatglm2-6b-32k monkey patched with SRS. The
number of replaced layers vary from 0 to 28.

For a clearer comparison, we use two separate charts to highlight the differences between SRS
and HyperAttention. In Fig.9(a), the speed of SRS is slightly slower than HyperAttention.
However, Fig.8(b) shows that SRS generally has lower perplexity in different numbers of
replaced layers. Specifically, the average SRS perplexity was 33% lower compared to
HyperAttention.

From a comprehensive point of view, we hold the firm belief that SRS is fully effective in
improving the LLMs’ stability in long context settings even though it has a little loss of speed,
which is acceptable.

Comparison of Speedup between Hyper and SRS
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Comparison of Perplexity between Hyper and SRS
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Fig. 9. (a)Comparison of speed up between SRS and HyperAttention in chatglm2-6k-32k (b) Comparison
of perplexity between SRS and HyperAttention in chatglm2-6k-32k.

4 Conclusion

This paper presents the Stable Random Sampling Algorithm, which enhances the performance
of large language models by tackling challenges in causal masking and attention distribution in
decoder-only Transformers. Our method reduces the time complexity to O(n), significantly
improving efficiency over traditional recursive algorithms. By using a pseudo attention mask
and Locality-Sensitive Hashing, our approach optimizes attention mechanisms, especially for
handling long texts.

Overall, our algorithm performed well. We confirmed that SRS significantly outperforms
FlashAttention in terms of speed performance, with SRS running at twice the speed of
FlashAttention at any sequence length. The monkey patch experiment demonstrated that LLMs
with SRS replaced exhibit lower perplexity compared to those with HyperAttention, indicating
that SRS provides greater stability in improving LLM performance on long texts. Nonetheless,
SRS still maintains significant potential in speed performance, especially when compared to
HyperAttention for long sequences, which we need to address in future work. Conclusively, our
work has presented a method for more effective and efficient causal masking optimization for
decoder-only transformers in comparison to currently prevalent ones and will be further
improved in the future.
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