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Long Context Modeling for Memory-Constrained LLM Inference

® On-device LLM applications often need to process large amounts of text, for example:

o Proofreading & summarizing long documents
O Searching & retrieving meeting transcripts
o Analyzing personal histories (emails, messages)
© Maintaining extended context in personal assistants
X AI Summary ; — Where do you live?
- - Tell me a joke —
® i - What does the fox say? - '
: Mis: L;;@ ) What is the meaning of life?
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Challenges of Long-Context LLM Inference under Memory Constraints

Naive dense attention becomes impractical for long-context on-device LLM inference.

Quadratic Attention Cost: latency & memory usage grow rapidly with context length L.

Attention(Q, K, V) = Softmax[ oK

N

' }V Time complexity: O(L* -d)

® Memory Constraints: limited VRAM, RAM, compute.
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Memory Usage Comparison (# Generated Tokens: 100)
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https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf

Sparse Attention for LLMs

Attention matrices are sparse. Skipping unimportant interactions can preserve accuracy while
reducing cost.
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Longer contexts naturally become sparser — opportunity for selective computation.



Limitations of Existing Methods:

Fixed sparsity patterns:
Static patterns: Longformer, BigBird, streamLLMs
Predefined templates / heuristics: Minference, H20, Scissorhands, Pyramid KV
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https://arxiv.org/pdf/2004.05150
https://proceedings.neurips.cc/paper/2020/hash/c8512d142a2d849725f31a9a7a361ab9-Abstract.html
https://arxiv.org/pdf/2309.17453
https://proceedings.neurips.cc/paper_files/paper/2024/hash/5dfbe6f5671e82c76841ba687a8a9ecb-Abstract-Conference.html
https://proceedings.neurips.cc/paper_files/paper/2023/hash/6ceefa7b15572587b78ecfcebb2827f8-Abstract-Conference.html
https://proceedings.neurips.cc/paper_files/paper/2023/file/a452a7c6c463e4ae8fbdc614c6e983e6-Paper-Conference.pdf
https://arxiv.org/pdf/2406.02069

Goal of the Project:

« Enable efficient long-context inference under memory constraints without retraining the base
model.

« Dynamically select and attend to the most relevant tokens instead of computing the full attention
matrix.

« Maintain accuracy comparable to dense attention while significantly reducing:

o Latency in prefilling
o Memory usage to fit constraints



Dynamic Hierarchical Sparsity Attention (DHSA)

* Role: DHSA is a plug-in module integrated inside each
Transformer layer.

* Input: The token embeddings at the current layer.

* Output: Selected Key Token Indices.

* Mechanism: Guides the multi-head attention to skip

unimportant token pairs.
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Core Idea of DHSA

* Leverage chunk-level similarity to guide token-level sparsity prediction.
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Core Idea of DHSA

* Leverage chunk-level similarity to guide token-level sparsity prediction.
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QOur Contributions

* Dynamic Chunking with Boundary Prediction
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QOur Contributions

* Robust Chunk Representation with Variable Sizes
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Why is average pooling not enough?

It is sensitive to chunk length.

-> |Important tokens can be buried by many

low-importance ones, weakening the overall

representation.
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Computational Cost Comparison

Method Complexity Notes

Dense Attention 0(L?) Every token attends to all tokens
Block Sparse Attention O(L-Ny+ N?) Only attends within fixed-size blocks
DHSA O(L-Ny + L+ N2 Adds boundary prediction cost

Static chunking + average pooling -> Block Sparse Attention
L: Context length

N, Per-query token constraint (budget)

N.: Number of chunks

Cost:
Block Sparse Attention < DHSA < Dense Attention
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https://hanlab.mit.edu/blog/block-sparse-attention

Overview of DHSA

Given the token embeddings at the current layer, DHSA first predicts boundaries and obtains chunk
representations, then computes chunk-level similarities to generate selected key token indices.
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Dynamic Chunking with Boundary Prediction

Problem Formulation
Architecture of Boundary Predictor
Automatic Labelling

Inference of Boundary Predictor
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Problem Formulation: Boundary Classification
Input: Local keys [k;_,,+1, -, K], [Kiz1, -, kivw] (W is the receptive field)
Output: The probability that token i is a chunk end Pr(6(i = 1))
Rationales:
* Local context is sufficient as high similarity between preceding and succeeding tokens

suggests continuity, whereas low similarity indicates a contextual shift.

* Limiting to local windows greatly reduces computation.
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Architecture of Boundary Predictor
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Automatic Labelling

* End-to-end optimization is computationally intractable.

+ Automatically derived from attention scores: Compare accumulated attention mass

Local context  [£;_,,1 1, , t;] [Eicws1, [Ei-w+r o Gl w1,
window:
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Inference of the Boundary Predictor

Non-Maximum Suppression (NMS): well-separated, reliable boundaries
Empirical Findings: Applying NMS with a small window size (e.g., 8) yields better results than using no NMS.

For tasks requiring broader context segmentation, a larger NMS window size (e.g., 64) further improves
performance.
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Robust Chunk Representation with Variable Sizes

Average pooling is sensitive to chunk length.

Add length normalization:

qe = |C|€Ia kc:\/|C|‘l_(

|C|: Chunk size
q: Average of token queries within the chunk
k: Average of token keys within the chunk

Alternative: max pooling

q. = maxPool({q;|t; € C}), k.= +/|C| k


https://www.codecogs.com/eqnedit.php?latex=%5Cmathbf%7Bq%7D_c%20%3D%20%5Csqrt%7B%7C%5Cmathbf%7BC%7D%7C%7D%20%5Ccdot%20%5Cbar%7B%5Cmathbf%7Bq%7D%7D%2C%20%5Cquad%20%5Cmathbf%7Bk%7D_c%20%3D%20%5Csqrt%7B%7C%5Cmathbf%7BC%7D%7C%7D%20%5Ccdot%20%5Cbar%7B%5Cmathbf%7Bk%7D%7D#0
https://www.codecogs.com/eqnedit.php?latex=%5Cmathbf%7Bq%7D_c%20%3D%20%5Cmathrm%7BmaxPool%7D(%5C%7B%5Cmathbf%7Bq%7D_j%20%7C%20%5Cmathbf%7Bt%7D_j%20%5Cin%20%5Cmathbf%7BC%7D%5C%7D)%2C%20%5Cquad%20%5Cmathbf%7Bk%7D_c%20%3D%20%5Csqrt%7B%7C%5Cmathbf%7BC%7D%7C%7D%20%5Ccdot%20%5Cbar%7B%5Cmathbf%7Bk%7D%7D#0

Evaluation: Experiment Setup

PyTorch & Hugging Face Transformers
Backend: PyTorch SDPA / Tiled online-softmax

GPU: CPU:

+ RTX 3090 (24GB) x 1 * Intel Core 5 120U x 1
* Ubuntu 22.04.4 LTS + Windows 11

» Python 3.12 » Python 3.11

« CUDA124 » PyTorch 2.9.1+cpu

* PyTorch 2.5.1+cu124 » Transformers 4.52.3

* Transformers 4.52.3

Models:

» Llama-3.1-8B-Instruct (4-bit)
* Qwen2.5-3B-Instruct

* gemma-2-2b-it

* Qwen2.5-14B-Instruct
* Llama-3.1-8B-Instruct (BF16)

Baselines: StreamingLLM, Minference, Block-Sparse, DuoAttention, SeerAttention, Quest

20



Needle-in-a-Haystack Test

Needle in A Haystack Llama-3.1-8b w/ DHSA 100K Context. Needle in A Haystack Liama-3.1-8b w/ StreamingLLM
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LongBench

Single Multi Summ. Few-shot Synth. Code Avg.
Methods Doc QA Doc QA Learning
Llama-3. 1-8B-Instruct (4-bit) 22.0 10.5 29.4 68.3 44.0 223 | 327
StreamingLLM | 150 68 277 623 260 220 | 270
StreamingLLM w/ dilated 15.1 6.7 27.6 62.3 26.0 22.1 | 27.0
Streamingl. LM w/ strided 12.0 5.0 25.5 58.9 11.3 24.1 | 234
MiInference 17.6 8.2 26.7 67.8 243 221 | 284
Block Sparse 16.3 7.4 223 59.7 44.2 205 | 279
DuoAltention 13.0 6.5 26.4 60.9 35 225 | 233
SeerAttention 19.9 104 25.6 68.7 40.1 19.5 | 308
Quest 224 10.7 27.1 60.3 45.2 214 | 309
DHSA 18.3 10.1 26.9 68.8 45.7 227 | 31.8
Owen2.5-3B-Instruct 12.7 6.9 25.5 66.9 20.0 19.8 | 26.0
Streamingl. LM 9.2 6.0 25.7 54.8 2.5 19.8 | 20.7
StreamingLLM w/ dilated 9.7 6.2 25.0 54.0 33 19.6 | 20.7
StreamingLLM w/ strided 8.1 7.0 24.7 47.2 2.1 18.1 18.8
MiInference 10.1 5.5 24.1 57.0 2.5 19.6 | 21.1
Block Sparse 9.6 4.6 213 56.1 10.0 17.5 | 206
DHSA 11.3 7.9 24.7 67.2 14.0 21.6 | 253
gemma-2-2b-it 27.0 26.2 24.7 65.0 1.5 25.5 | 309
Streamingl. LM 13.6 15.2 229 53.4 1.5 26.2 | 239
StreamingLLM w/ dilated 14.8 16.5 223 52.2 10.0 28.7 | 247
Streamingl. LM w/ strided 14.1 15.1 23.2 51.2 10.0 24.4 | 237
MiInference 17.3 20.8 223 58.0 5.0 275 | 263
Block Sparse 11.4 17.4 16.3 51.6 2.5 25.1 | 21.6
DHSA 27.6 24.5 23.1 64.4 1.5 254 | 303
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LongBench
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RULER

Method 4K 8K 16K 32K 48K
Llama-3.1-8B-Instruct (4-bit) | 95.8 938 932 815 752
Minference 917 884 886 747 642
BlockSparse 60.3 654 693 530 43.1
DuoAttention 920 893 897 729 69.1
SeerAttention 86.9 89.0 89.1 75.0 53.6
Quest 877 86.0 872 739 682
DHSA 92.1 885 887 76.2 715
Method 4K SK 16K J2K
QA-1 QA2 VT Avg | QA1 QA2 VT Ave | QA-1 QA2 VT  Avg. | QA-1 QA2 VT  Avg
Liama-3.1-8B-Instruct (4-bit) 83.8 72.0 100.00  95.8 78.5 72.0 99.6 93.8 T72.2 66.0 100.0  93.2 70.5 66.0 67.6 81.5
BlockSparse 23.0 32.0 85.2 60.3 37.2 34.0 84.0 654 33.7 44.0 82.4 69.3 242 28.0 240 53.0
DHSA 74.3 65.8 994 92.1 69.1 63.3 97.6 885 63.5 61.1 97.9 88.7 59.2 56.8 61.4 76.2
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Latency

Sequence Length : BK

FlashAttention-2 (dense)
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Latency

TTFT (s)

—=— Eager —+— Torch.SDPA  —+— FlashAttention-2 —e— DHSA
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Component 8K (ms) 16K (ms) 32K (ms)
Boundary prediction 45 97 201
Routing / chunk selection 237 379 944
Sparse attention kernel 128 316 939
DHSA TTFT 1,550 2,360 5,830
Dense FA2 TTFT 2,170 4,710 11,680

Dataset Avg. Tokens Dense FA2 (s) DHSA (s)
NarrativeQA 29,869 10.73 5.37
HotpotQA 12.854 3.71 2.04
Musique 15,617 4.59 2.32
QMSum 13,917 4.05 2.15
PassageCount 14,970 4.38 2.26
RepoBench-P 10,818 3.07 1.84
Avg. - 3.28 1.88
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Latency
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Takeaways

* Dense attention is the main bottleneck for memory-constrained long-context LLM inference.
+ Sparse attention must be input-adaptive: static or heuristic patterns can miss important tokens.

+ DHSA preserves near-dense accuracy while reducing prefill latency, enabling long-context
inference on limited hardware.
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Future Work

* Long-generation support: extend DHSA from prefill-dominated workloads to decoding and KV-
cache management.

* Broader generalization: evaluate DHSA on more reasoning, code, and multi-modal long-
context tasks.

« Hybrid efficiency stack: combine DHSA with quantization, KV-cache compression, and prompt
compression.
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Thank you!
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