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Abstract—Current large language models (LLMs) deliver
strong task generalization, yet adapting them to long-context
scenarios is hindered by the quadratic complexity of self-attention
and hardware memory constraints. We target single-device fine-
tuning and deployment, where extending context length from
4k to 12-20k tokens is difficult but critical for document-
centric applications in resource-limited environments. We first
present Aggregated Shifted Sparse (ASS) attention, a grouped
sparse mechanism that grants global visibility to the first k sink
tokens and leverages shifted local windows to retain pre-trained
attention patterns. It lowers attention costs, maintains perplexity
comparable to dense attention on long sequences, and enables
extrapolation beyond training windows via position interpolation.
Based on this, we propose APLoRA, a high-throughput multi-
task LoRA fine-tuning framework for long-context LLMs. It
integrates NF4 quantization, shared-base-model batch fusion,
and an adaptive scheduler with Padding-Aware Sequence Align-
ment (PASA) to optimize memory, padding overhead, and task
turnaround time under fixed hardware budgets. Evaluations on
Llama2-7B and Llama3-8B across PG19, ProofPile, LongBench,
and an internal long-context corpus demonstrate that our method
stably extends context length from 4k to 12-20k tokens on
a single Ascend 910B NPU. Compared with dense-attention
and sequential LoRA baselines, APLoRA boosts effective token
throughput by up to 23.9% and cuts end-to-end task time
by 19%, while achieving comparable or better performance in
perplexity and downstream accuracy than existing long-context
adaptation methods.

Index Terms—Long-Context LLMs, Resource Constrained
Environments, Multi Task LoRA Fine-Tuning, Padding-Aware
Sequence Alignment (PASA), Training Throughput.

I. INTRODUCTION

LLMs have demonstrated remarkable capabilities in down-
stream task processing [1]-[4] and content generation [5]
through unprecedented model scale expansion [6] and diver-
sification of pretraining data growth [7], [8]. Among these,
long-context modeling capability has become a key metric
for evaluating the performance of LLMs [9], [10], and is
crucial for tasks such as multi-document retrieval, question
answering, and document summarization [11]. Despite sig-
nificant progress, LLMs are fundamentally limited by the
quadratic computational complexity of self-attention and fixed
context windows [12], leading to inefficiency in processing
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Fig. 1: (a)-(c) show existing attention mechanisms, we proposed ASS
Attention (d). This approach grants the first k£ sink tokens global
visibility as attention aggregation points, enabling all subsequent
tokens to directly attend to them.

long sequences [13]. For instance, documents in specialized
domains often exceed 15k tokens, and multi-document QA
tasks commonly involve contexts over 50k tokens. In prac-
tical single-device settings, extending the window from 4k
to 12-20k tokens is already challenging. The fixed window
hinders LLMs from capturing long-range dependencies [14],
resulting in computational bottlenecks and degraded perfor-
mance in modeling distant relationships.

Recent research has explored two directions to mitigate
this issue, context extension and parameter-efficient fine-
tuning (PEFT) [15]. Context extension includes rotary po-
sition embeddings, position interpolation, and sparse atten-
tion mechanisms [13], [16], [17], which improve extrapola-
tion but often require costly multi-device retraining. Besides,
LoRA [18] and QLoRA [19] significantly reduce resource
requirements by introducing low-rank adaptation and quan-
tization. However, these methods still struggle with scalability
in resource-constrained environments, where both memory
consumption and throughput remain critical challenges [20],
[21]. In parallel, several studies have explored frameworks
to improve fine-tuning throughput. Systems such as Punica
[22] and ASPEN [23] leverage parameter sharing and custom
kernels to support multi task LoRA training. However, these
approaches often lack integration with diverse frameworks
such as MindSpore [24], and cannot fully exploit hardware
software co-optimization on Ascend-class NPUs [25].

This study proposes a long-context adaptation strategy that
integrates Aggregated Shifted Sparse (ASS) attention with
position interpolation to extend the context length of large
language models from 4k to 12-20k tokens under fixed hard-
ware budgets. ASS attention reduces the effective computation



of self-attention while preserving pre-trained attention pat-
terns and maintaining stable performance on long sequences
(shows in Fig.1). Building on this, we design APLoRA, a
high throughput multi task LoRA framework that employs
parameter-shared batch fusion and adaptive scheduling to
minimize padding overhead and improve utilization on a single
device. This study aims to provide a unified and practical solu-
tion for scalable, high throughput long-context fine-tuning of
large language models in resource constrained environments.

In summary, our work makes the following contributions:

(I) We propose a long-context extension strategy based on
ASS attention. This approach reduces computational complex-
ity by maintaining global visibility for the first £ tokens,
while enhancing the model’s understanding and generation
capabilities in long-context scenarios.

(IT) We design the APLoRA framework, which incorporates
an adaptive scheduling algorithm with PASA to reduce compu-
tational and padding overhead effectively, and enables efficient
multi-task parallel training with dynamic resource allocation
on shared hardware.

(III) Experiments on multiple models and datasets with
Ascend 910B show that our approach achieves competitive
and SOTA long-context performance with significantly lower
computational and memory costs.

II. RELATED WORK

The core challenges of long-context LLMs lie in break-
ing the fixed context window limit and reducing fine-tuning
resource consumption [26]-[28]. Which mainly focuses on
context length extension, PEFT, and high throughput fine-
tuning frameworks [29]. In terms of context length extension,
technical routes are divided into extrapolation and interpola-
tion. Streamingl.LLM and attention-sink methods achieve zero-
shot or fine-tuning based sequence length expansion [30],
[31], but they primarily target decoding-time efficiency rather
than training-time sparse attention design or single-device
long-context fine-tuning. [32], [33]. Interpolation techniques,
represented by Position Interpolation (PI), adapt to the pre-
trained window by scaling positional indices, which is simple
to implement but requires fine-tuning to adapt to new position
distributions [17], [34]. LongLoRA combines shifted sparse
attention with LoRA to extend context, but it relies on multi-
GPU resources and has limited ability to capture long-range
dependencies [35], [36].

In the field of PEFT, LoRA injects low-rank matrices for
efficient fine-tuning [37]. Subsequent improvements such as
QLoRA introduce 4-bit quantization to further reduce memory
overhead [19], while DyLoRA and Adal.oRA dynamically ad-
just rank values to optimize performance [38], [39]. However,
these methods still face bottlenecks of memory redundancy
and computational inefficiency in long sequence scenarios. Re-
garding quantization techniques, NF4 fractional quantization is
optimized for the normal distribution characteristics of neural
network weights, resulting in smaller precision loss compared
to uniform quantization schemes such as INT4 [19]. Double
Quantization (DQ) can further compress the memory footprint

of quantization constants, making it attractive for single device
long-context fine-tuning [40].

High throughput fine-tuning frameworks focus on multi-task
parallel optimization. Punica improves GPU parallel efficiency
through custom CUDA kernels [?], and ASPEN enables multi-
task training on a single GPU via model sharing and adaptive
scheduling [23]. However, both lack native support for het-
erogeneous training frameworks such as MindSpore and NPU
backends, and do not fully integrate padding-aware batching
and early-stopping strategies, leaving room for improvement
in end-to-end resource utilization and task throughput.

III. APLORA: HIGH THROUGHPUT FRAMEWORK

This section presents ASS attention and APLoRA, a high-
throughput fine-tuning framework whose core component is
the PASA scheduler for batch selection. While ASS attention
can be applied to the various self-attention modules [41], we
focus on its integration into a practical, multi-task LoRA fine-
tuning pipeline for long-context LLMs under single-device,
resource-constrained settings'.

A. Preprocessing and ASS Attention

We consider a set of multi-task fine-tuning requests Qjop =
{J1,Ja,...,Jn}. Each task J; is specified by its LoRA rank
r;, learning rate 1), batch size By ;, and priority p;, which serve
as inputs to the subsequent scheduling and resource allocation
modules.

NF4 quantization. We apply NormalFloat-4 (NF4) quan-
tization with double quantization to compress the pre-trained
weights W), reducing memory usage while keeping the de-
quantization overhead small:

Wé\m = QuantNF4(W(?F16, cfmz, c.‘;f’g),

WEFI® — DoubleDeQuant(ciP??, 5P T,

)]
where {732 and cEP® are quantization constants. At run time,
WA is dequantized on the fly to BF16 for compute, and
remains frozen during LoRA fine-tuning.

Position interpolation for long-contexts. For a task J;
with input sequence length L; ; > Lo (the pre-trained context
window), we apply position interpolation to keep the position
distribution consistent with the pre-training regime:

Fxi,ni) f(x (nﬁ)/wﬂ) )

where n; € [0,L;,) is the original positional index, f(-)
is the RoPE encoding function, and f’(-) is the interpolated
encoding. This interpolation avoids aggressive extrapolation
while enabling contexts up to 12-20k tokens.

Aggregated Shifted Sparse (ASS) attention. Standard self-
attention suffers from O(L?) complexity in both time and
memory. To reduce its effective cost under fixed hardware
budgets, we replace the dense attention layer with ASS atten-
tion, a grouped sparse pattern that combines local windows
with a small set of globally visible “sink” tokens, inspired by

'APLORA implements on MindSpore/Ascend, but it is framework-agnostic.



attention-sink ideas such as Streamingl.LLM but tailored to our
long-context, single-device setting.

Concretely, the input sequence of length L is partitioned
into G groups of equal size M = L/G. Each token attends
densely within its group, yielding an intra-group complexity
of O(L?/G). To enable cross-group information flow, we
introduce a cyclic shift between adjacent groups with offset
M/2, so that each token can also attend to a subset of
tokens from neighboring groups. Finally, we designate the
first k tokens (K = M/2 in our implementation) as global
sink tokens, which remain visible to all positions and act as
aggregation points for long-range dependencies.

This design preserves the dominant attention patterns
learned during pre-training, through the global sink tokens
while sparsifying long-range connections.

B. PASA for Multi-Task Parallel Training

To enable efficient multi-task LoRA fine-tuning, APLoRA
performs batch fusion over multiple tasks while preserving the
accuracy of the NF4-quantized pre-trained weights. At each
scheduling step, a set of tasks is selected, and the shared W™
is dynamically dequantized to WEF'® for the forward and
backward passes. For each selected task .J;, input sequences
x; with length L,; > Lg are first processed by position
interpolation (Eq. 2). Then, PASA pads and fuses sequences
{x1,...,2} into a single batch of maximum length Ly;,y:

Xf :FuSiOH([El,...’J;k> c RkXanade7 (3)

where k is the number of parallel tasks in the fused batch,
d is the hidden dimension, and L,y is chosen adaptively by
PASA based on the candidate sequence lengths (Section III-C).

Forward and backward with shared base model. During
the forward pass, we reuse the shared base model WEF!6 for
all tasks and apply task-specific LoORA adapters (A;, B;) with
scaling factor s;:

H=WEX,; + Concat(sixiBiAi)le, )

where H € RFXImaxxXd i5 the fused hidden representation.
In the backward pass, we freeze W)™ and only update the
LoRA parameters using the cross-entropy loss L:
oL oL oL oL
— 22 (XT AT, = (s;BFXT). (5
9B, ~om SN gx = o B X ®)

Padding-Aware Sequence Alignment (PASA). To quantify
padding overhead, we define the padding rate 6 = &,/£, where
&, is the number of padded tokens and ¢ is the total number
of tokens in the fused batch. The effective token throughput
is T, = (1 — §) (O_ token)/t, where t is the wall-clock time
of a training step. PASA aims to minimize § by selecting and
grouping tasks with similar sequence lengths. Given a set of
candidate sequence lengths {aj,...,a,} (decreasing order)
and a candidate window size m, the total padding required to
fuse the m longest sequences into a batch of length a,, is:

pad,, = may, — (Sp, — Sn—m), (6)

where Sy, is the prefix sum of {a;}. PASA evaluates different
values of m within the scheduler’s top-k candidate set and
selects the subset with the smallest pad,, for fusion, subject
to memory constraint. This heuristic substantially reduces
redundant padding and improves the throughput.

C. Early Stopping and Adaptive Scheduling

To avoid out-of-memory (OOM) errors under fixed hard-
ware budgets, APLoRA first predicts the memory usage of
each task and then performs memory-constrained scheduling.
For a task with batch size B; and sequence length L,,, we use
a simple quadratic regression model:

OM = By + 1B Ly, + B2 B L2,

Z OML S Mnema (7)
J;eX

where OM denotes the estimated memory consumption (GB),
Bo is the base memory, and (31,32 capture activation and
attention-related growth. X is the set of tasks scheduled in
the same batch, and M, is the device memory limit. The
coefficients Sy, 81, B2 are fitted once from a small number of
profiling runs and then refined online using memory usage.

Early stopping prediction. To avoid wasting resources
on stalled tasks, we apply an early-stopping rule based on
smoothed loss changes:

w—1

1

" Z |Lrie — Lryir1] <, ®)
=0

where w is the observation window, L; is the validation loss
at step t, and € is a small threshold. In addition, a task is
terminated if Acc; < 0.95 X Accmax for a fixed number of
evaluations or if the loss diverges (NaN).

Scheduling policy. Given the Qjob, Mmem, and a scheduler
topk, we proceed as follows. Tasks are first sorted by priority
p; and submission time. The top-k candidates Cj,, are then
selected, and for each J; € Cj,, we estimate its memory
demand OM; and expected early-stopping iteration Tip i,
based on recent learning (Eq. 8).

Next, we rerank Cjop by Tiop,s and pad,, obtained from
PASA, and incrementally construct the scheduled set R such
that Memygeq + OM; < Mpem for all J; € R. The selected
set R is then submitted to the batch-fusion module for joint
training. During training, we continuously log actual memory
usage OMey, loss L, and effective throughput 7, to refine
the memory model parameters (8o, (1, 32) and the early-
stopping threshold e. Asynchronous task submissions trigger
re-scheduling events that add new jobs into the queue and
repeat the above procedure. Upon meeting the early-stopping
criterion or reaching the maximum iteration budget, the opti-
mized LoRA matrices A}, B (BF16) for task J; are saved.
The corresponding fine-tuned weight is obtained by:

Winat,s = W0 + ;B A;. )

After serialization, memory associated with A} and B is
released and is made available for subsequent tasks in Qjqp.
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Fig. 2: Overview of the APLoRA framework, which combines the pre-trained model sharing mechanism and adaptive scheduling strategy to schedule computing
resources for multiple LoRA tasks dynamically. It improves fine-tuning throughput and resource utilization while maintaining the performance of the fine-tuned

model.

Dataset | PG19 ProofPile

Model / Context length ‘ 8192 16384 20480 | 8192 16384 20480 ‘ Average
Llama2-7B > 103 > 103 > 103 > 103 > 103 > 103 > 103
Llama2-7B + PI 8.30 9.50 10.80 3.05 3.45 3.90 6.50
MPT-7B-8K 7.66 7.79 7.95 2.67 2.73 2.79 5.27
LongLoRA-7B-8K 7.90 8.15 8.43 2.75 2.84 2.95 5.50
APLoRA-7B-8K 7.81 7.96 8.18 2.72 2.78 2.87 5.39
Model / Task | Single-Doc. QA'  Multi-Doc. QA Abs. Gen. | Few-Shot Learning  Code Comple. ~ Compre. Tasks | Average
Llama2-7B-chat 24.9 22.6 24.7 60.0 48.1 5.9 31.0
LongChat-v1.5-7B 28.7 20.6 26.7 60.0 54.1 15.8 343
Vicuna-v1.5-7B 28.0 18.6 26.0 66.2 47.3 5.5 31.9
LongLoRA-7B-12K 28.7 28.1 27.8 63.7 56.0 16.7 36.8
Llama-3.1-8B-32K 38.5 36.0 30.5 65.0 58.5 30.0 43.3
APLoRA-7B-12K 35.9 32.7 31.1 65.4 59.2 22.3 38.8

TABLE I: Comprehensive evaluation of long-context language modeling and downstream tasks. Top: Perplexity (PPL, lower is better) on PG19 and ProofPile
at context lengths 8K, 16K, and 20K. “Llama2-7B + PI” denotes the base model with position interpolation but without long-context fine-tuning. Bottom:
Accuracy on six LongBench sub-tasks, including Single-Document QA, Multi-Document QA, Abstractive Generation, Few-Shot Learning, Code Completion,
and Comprehensive Tasks, after supervised fine-tuning Llama2-7B to a 12,288-token context length on the LongML dataset to obtain APLoRA-7B-12K. We
additionally report an open-source Llama-3.1-8B-32K as a frontier long-context baseline.

IV. EXPERIMENT

At the algorithmic level, we validate the effectiveness of
APLORA through long sequence language modeling and long-
context benchmarking experiments. Moreover, we evaluate
the throughput performance of the MAPLORA framework.
The results demonstrate the advantages of our approach in
extending the context length of large language models.

A. Experimental Setting

Model and Dataset The APLoRA-Llama2-7B-8K model is
obtained by fine-tuning 1000 steps on the RedPajama dataset
[42] and evaluated on PG19 [43] and ProofPile [44]. We
compare with Llama2-7B [45], Llama3-8B [46], MPT-7B [47],
LonglLoRA-7B [35], and an open-source 32K-context model.
For long-context benchmarks, we train APLoRA-Llama2-7B-
12K with ASS attention and position interpolation on our in-
house LongML corpus (technical, legal, and scientific docu-
ments, 4K-20K tokens) and evaluate on LongBench [48], as
well as perplexity and key-retrieval at 16K/20K against base
models using only position interpolation.

Configuration We use the AdamW optimizer (5; = 0.9,
Bo = 0.95) with a learning rate of 2 x 10~%, linear warm-up
over 20 steps, and no weight decay. Training is performed
with a batch size of 1 and gradient accumulation over 16
steps. During inference, model weights are quantized to 4-bit
precision for sequences longer than 12,288 tokens; otherwise,
float16 precision is used. All experiments are conducted on
an Ascend NPU 910B with 64GB HBM. We report effective
token throughput (useful tokens per second) and padding ratio.

B. Results and Discussion

Main Results. Table I and Table II together show that
APLoRA-7B-8K achieves stable and robust long-context lan-
guage modeling. Compared with the base Llama2-7B equipped
only with position interpolation, APLoRA-7B-8K not only
attains lower perplexity within the 8K training window, but
also exhibits much milder degradation when extrapolating
to 16K and 20K on both PG19 and ProofPile. This indi-
cates that our fine-tuning procedure learns genuinely length-
generalizable representations rather than merely overfitting to
the training window, while retaining competitive performance



PG19 PPL ProofPile PPL
Model 8K 16K 20K ‘ 8K 16K 20K
Llama2-7B + PI 830 950 10.80 | 3.05 345 390
APLoRA-7B-8K 7.81 796 8.18 272 278 287
%A (16K vs 8K) - +2.0 +4.7 - +22 455
%Gain vs PI @20K - 24.3 243 - 264 264

TABLE II: Perplexity extrapolation beyond the 8K training window.
APLoRA-7B-8K shows only a small degradation when moving from
8K to 16K/20K, whereas Llama2-7B + PI suffers a much larger
increase in PPL.

Attention Method Target Context Length
Mechanism Shift Convergence 4096 8192 16384
Dense - - 7.99  8.00 8.00
s v X 8.09 8.07 8.08
ASS v v 8.03 8.03 8.02

TABLE III: Effectiveness at Different Target Context Lengths. Mod-
els are trained on RedPajama to different tokens without quantization.

against strong long-context baselines such as MPT-7B-8K and
LongLoRA-7B-8K, all under a single Ascend 910B budget
with only 1,000 update steps.

On downstream evaluation, APLORA-7B-12K consistently
improves over Llama2-based chat models and Longl.oRA-
7B-12K across all LongBench sub-tasks in Table I, and
significantly narrows the gap to a larger open-source 32K-
context model (Llama-3.1-8B-32K). In particular, APLoRA-
7B-12K delivers strong gains on abstractive generation and
code-related tasks, suggesting better utilization of long-range
evidence and richer long-context reasoning. Given that these
improvements are obtained with a single-device fine-tuning
setup (28 hours, 300M tokens), APLoRA offers a practical and
efficient solution for deploying domain-specific long-context
models in real-world scenarios such as legal and industrial
document understanding.

Ablation Study on Attention Mechanisms. In Table III,
we compare the PPL of dense attention, s2-attention, and
ASS attention at different target context lengths. Results show
that dense attention maintains nearly constant perplexity but
incurs high computational cost, while s2-attention reduces
complexity at the expense of slightly higher perplexity. In
contrast, ASS attention closely matches the perplexity of
dense attention and remains stable as the target context length
increases, while retaining lower computational complexity,
demonstrating its effectiveness for long-context modeling and
suitability for practical deployment.

Ablation on LoRA Rank and Quantization Precision.
Table IV shows that PPL generally decreases as the LoRA
rank increases, and when the rank reaches 32 or 64, APLoRA
matches its best PPL and remains competitive with Lon-
gLoRA while approaching MPT-7B-8K, indicating that higher
ranks enable richer feature learning at little extra cost. The
quantization ablation further reveals that NF4 and NF4+DQ
incur almost no degradation compared to the BF16 baseline,
while INT4 leads to a noticeably larger loss, demonstrating
that NF4-based quantization can preserve APLoRA’s long-

LoRA Rank Ablation Quantification Performance

APLoRA(rank) PPL | QS PPL Loss
8 7.91 | BF16(Baseline) 7.80 -

16 7.83 INT4 7.99 4.4%

32 7.81 | Float4(E2M1) 7.93 1.7%

64 7.81 | Float4(E3M0) 7.88 1.0%

LongLoRA 7.90 NF4 7.81 0.1%

MPT-7B-8K  7.66 NF4+DQ 7.81 0.1%

TABLE IV: The Influence of relative performance degradation of
different LoRA ranks in fine-tuning Llama2-7B on the PG19 dataset.
And the modeling performance of APLoRA-7B-8K/12K under vari-
ous quantization strategies (QS) compared to the BF16 baseline.

1191.0
12007 I Avpaca-Seq
[ Alpaca-Parallel
[0 APLoRA
839.4 [ 1nvalid Padding
8007 702.0 730.9
641.0
498.5
450.8 | 4764
4007
0 Llama LoRA Llama Quantization LoRA

Fig. 3: Throughput evaluation. We use a Multi Task setup with
four independently trained LoRA models (batch size B = 4) to
measure effective vs. padded token throughput. Alpaca-LoRA (single-
task baseline), Alpaca-Seq (sequential execution), and Alpaca-Parallel
(concurrent via model copies) serve as baselines.

context modeling capability nearly losslessly at extremely
low bit-width and with additional memory savings from dual
quantization.

Framework Performance Evaluation. As shown in Fig-
ure 3, APLoRA attains the highest effective token throughput
among all baselines in both the Llama LoRA and Llama
Quantization LoRA settings. By fusing batches and scheduling
multiple independently trained LoRA models within a single
backbone, APLoRA reduces kernel launch and padding over-
head, substantially narrowing the gap between padded and
effective throughput. Compared to Alpaca-Seq and Alpaca-
Parallel, it consistently improves effective throughput while
preserving model accuracy, demonstrating its efficiency for
Multi Task workloads under shared-resource deployment.

V. CONCLUSION

This paper proposes a novel high throughput fine-tuning
framework for long-context LLMs. APLoRA integrates ASS
attention with a padding-aware scheduling strategy to reduce
quadratic complexity while preserving pre-trained patterns.
The framework enables efficient Multi Task LoRA training
with dynamic resource allocation, achieving significant gains
in throughput and memory efficiency. Extensive experiments
demonstrate that APLoRA achieves state-of-the-art perfor-
mance across long-context benchmarks while substantially
lowering computational cost. Overall, APLoRA provides a
scalable and practical solution for long-context.
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