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Long-context LLMs Inference Bottleneck

[ Long Prefilling Latency, 30 minutes to process 1M tokens on an A100 for an 8B LLM.
O KV Cache Storage Issue, Storing 512K tokens requires 62GB of GPU memory in fp16.

30 .

A Prompt Length | 128K | 256K | 512K | 1M
- == Total Total Latency (s) | 32.8 111 465 | 1,765

£%] FFN(s) | 76 | 15 | 31 | 70
§ Attention (s) | 25.2 96 434 1,695

% 10 GPU Memory . -
KV Cache (GB) 156 | 31.2 | 625 125
1_
10k 300k 500k 1M ,
Table 1: Decoding latency and memory re-

Context Windows Size

(a) Attention incurs heavy cost.

1M x(2x8B+2x32 layersx 1M x4096 dim+softmax portion)

__ FLOPs required for 1M prompt
OTTFT - A100’s fp16 TFLOPs o

*1.5 =21.78 mins = 60+ A100 * 20s TTFT

312 TFLOPs

quired for KV cache of Llama-3-8B across
different context lengths on one A100 GPU.

= 14.52 mins



Observation 1: Attention is Dynamically Sparse

Attention Recall of Top-K(k=4096) is 96.4% Attention Recall of Top-K(k=4096) is 83.7%
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(a) Attention is sparse. (b) Sparsity of attention is dynamic. (c) Dynamically sparsity in decoding.
in prefilling indecoding
Figure. The dynamic sparsity in attention. (a) How much Figure. (c) The dynamic sparsity of each layer and head in
attention scores can top-k (k=4096) columns coverin a 128k Llama-3-8B model in the KV retrieval test of 100k tokens.
context. (b) Less attention scores are retrieved when The blue curve shows that dynamically selecting top-1000

reusing the top-k indices from another examples, indicating  critical tokens achieves an 89% average recovery ratio,

its dynamic nature. Visualizations are based on LLaMa-3-8B indicating high attention sparsity. In contrast, the orange
with a single A100. curve shows that statically using the initial top-1000 critical

tokens drops the ratio to 71%.




Observation 2: Attention Sparsity Exhibits Patterns

O After pretraining, attention exhibits various sparse patterns, including A-shape,
Vertical-Slash, and block-sparse patterns.

O These sparse patterns are fixed for each head across different inputs.

[ The specific sparse elements (e.g., column index, slash index) dynamically change
depending on the context.
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Minference 1.0

Sparse

Calculation
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Figure 4: The three sparse methods in MInference.

Table 1: Comparison of different sparse patterns.
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Patterns | A-shape Vertical-Slash Block-Sparse | Top-K
Spatial Distribution Static structured Dynamic structured Dynamic structured | Dynamic fine-grained
Latency on GPU Low Medium Low High
Time to build the index Zero Small Small High




How effective and efficient are MInference?

Table 3: Performance (%) of different models and different methods on RULER m evaluated at lengths

from 4k to 128k. 30 : -
Methods | Claimed Effective 4K 8K 16K 32K 64K 128K | Avg. - ::?thAtte”t'on'z
A n ren
LLaMA-3-8B-262K 262K 16K 972 918 873 808 774 722 | 844 = erence
StreamingLLM - 4K 972 381 375 172 142 94 | 350 € 20-
StreamingL.LM w/ dilated - <4K 234 07 14 188 165 156 | 127 £
StreamingLLM w/ strided - <K 20 07 06 06 07 13 | 1.0 > 10x
InfLLM - 4K 894 798 70.1 556 430 395 | 629 c
Ours = 32K 977 912 885 850 823 77.6 | 87.0 S10-
Yi-9B-200K 200K 8K 919 902 788 763 681 629 | 78.1 &
StreamingLLM - 4K 919 378 339 186 13.0 128 | 343 6.8x
StreamingLLM w/ dilated - <4K 448 428 385 298 268 239 | 344 LT LTI Rt Pypeyepp—
StreamingL.LM w/ strided - <4K 26 07 06 06 12 05 | L1 : :
InfLLM - <4K 803 839 607 452 386 302 | 565
Ours = 8K 923 897 79.0 738 64.7 569 | 74.7 10k 100k 300k 50.0k . M
Context Windows Size
GLM-4-9B-IM 1M 64K 938 91.6 893 874 852 808 | 88.0
StreamingLLM - 4K 938 669 585 514 459 39.1 | 593
InfLLM - 8K 947 895 764 665 568 535 | 729
Ours - 64K 946 931 910 89.6 855 84.0 | 89.6 (b) Latency Speedup
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The main ideas involve dynamically calculating sparse attention in
long-context LLMs, as shown in Fig(b), which significantly speeds up Context Length
inference by up to 10x on an A100 while maintaining accuracy across (a) Needle In A Haystack
different context windows in Fig(a). The motivation is as follows: 30 _ ]
#== FlashAttention-2
> Attention, especially in long-context scenarios, is sparse and dynamic. = * Minference
- - - - - E N
> ThIS dynamlg sparsity presents spatial aggregation patterns that are 3 10x
fixed for all inputs. 510
: i .. i
Based on this, we propose MInference 1.0, which uses minimal overhead -~ 16_8,(
to approximate the dynamic sparse index and calculate the dynamic sparse %I_;;ﬁﬂ“fifﬁ """ = 4:
i i i i - 10k 100k 300k 500k 1M
attention using the optimal GPU kernels, thereby accelerating long-context e ntext Windows Size

LLM inference. You can find more details in the paper. (b) Latency Speedup

https://aka.ms/MInference Q Minference: Approximate and Calculate the Dynamic Sparse
Attention of Long-context LLMs.
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