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Motivations

Challenge 1
Model-Cache Coupling

Sparsity logic tightly coupled with

« attention implementation

« KV cache manager

* model architecture

— Poor portability and invasive changes

Q Existing Sparsity Methods (Tightly Coupled) Hard to Port to Other Backends

Monolithic Implementation (Not Modular) vLLM (PagedAttention) Other Backend

Model Modification
(e.g., custom attention)

Sparsity Logic
(e.g., KV selection)

Cache Management
(e.g., recall & metadata)

el

Reason: Implementation of sparsity methods is deeply tied to specific cache management design and interfaces.

Page-level KV Cache

Different KV Cache Design
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Benefit: High modularity and portability — the same sparsity plugin can work with different cache backends.



Motivations

Challenge 2
Token-Page Mismatch

Sparse recall selects tokens but
PagedAttention manages pages(tens of
tokens)

— Severe I/0O amplification
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Motivations

Challenge 3
Recall Overhead Explosion

Recall overhead grows with batch size
— Prefetch overlap breaks
— Throughput saturates at high batch

100 -

B Recall
i Compute
B Others

1 2 4 8
Batch Size

The proportion of overheads




OPKYV Design

System Overview

Model-Sparsity-Cache Unified Architecture

Key Innovations:

1. Plugin Interface
Decouples sparsity logic from model & cache management

2. Object Reaggregation (OP Blocks)
Mitigates spatial discreteness — reduces /O amplification

3. Hot Page Hit
Exploits temporal locality — reduces CPU-GPU traffic

4. Sub Block Manager (Sub BM)
Local metadata — millisecond-level page retrieval

‘ Model ] KV Cache

|

[ Attn Backend J

(a) Base Model

% |SchedulerH Block Manager |

[ Attn Backend ]

(c) PagedAttention

~

Modified

" Model ‘ KV Cache

T ¥
Recalled
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(b) Recallable Sparsity
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(d) Ours



OPKYV Design

Plugin Interface

Sparsity — Cache Management Decoupling

Register sparsity algorithm

regISter() and its hyper-parameters
[ [
E 2 |
re FOCESS{) Prepare per-layer states
prep before selection
Select critical tokens at
select()

token granularity

| |
E 2 |
Issue async fetch requests
fetch (} for missing tokens
R |
Recall & aggregate tokens,

make them ready for

I attention |

recall()

Five standardized callbacks to
implement any recallable
sparsity method

def

def

def

def

def

class RecallableSparsityPlugin:

register(self, attn_layer):
layer_id = self._register(attn_layer)
return layer_ id

preprocess(self, layer id, stage, context):
if stage == Stage.Start:

return self._ process_start(layer id, context)
if stage == Stage.End:

return self._process_end(layer id, context)

select(self, layer_ id, context):

sel_token_idx_by_layer = self._select(
layer_id, context)

return sel_token_idx_by_layer

fetch(self, sel_token_idx_by layer, context):
requests = self._build(
sel token_idx_by layer, context)
outputs = [
sub_block_manager.async_fetch(requests)
for sub_block_manager in context.block_manager
]
err_code = self._handle_err(outputs)
return err_code

recall(self, layer id, context):
outputs = [
sub_block_manager.recall(layer_ id)
for sub_block_manager in context.block_manager
]
err_code = self._handle_err(outputs)
block_table = self._handle_result(outputs)
return err_code, block_table



OPKYV Design

Plugin Workflow

Async Compute-Recall Overlap
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OPKYV Design

KV Recall

Object Reaggregation (OP Blocks)

usolujuj

Ratio of Reusable Tokens (%)

--- window=1 - window=5 —— window=10

temporal locality in selected tokens
—aggregated pages are likely to be reused
in the short term
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OPKYV Design

KV Recall

Hot Page Hit

Utilization of temporal locality

Page Hit Threshold p (tunable):

* Higher p — only hottest pages —
higher GPU memory utilization, but
increased reaggregation overhead

 Lower p — keep more pages —
lower reaggregation overhead, but
higher GPU memory usage
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lower 1/O overhead (pages swap in/out)



OPKYV Design

KV Recall

Workflow

Sparse Selection GPU Hot-Page PagedAttention
(Token-Level) Reuse (Page-Level)

All Tokens Hot-Page (high-hit-ratio pages)
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OPKYV Design

Sub Block Manager

Local metadata management

PagedAttention updates metadata per
iteration, but recall happens per layer.

* Handles per-layer recall within the
GPU process

* No RPC overhead on the critical path

» Millisecond-level page retrieval &
cache eviction
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Evaluation

Case Study

InfiniGen End-to-End Performance

Decoding throughput improvement
Batch size: 2-8

« OPT-6.7B: 1.77x, 1.50x, 1.60x, 1.68x, 1.75x
« LLaMA-8B: 1.77x, 1.37x, 1.57x, 1.39x, 1.38x

60
- B InfiniGen-OPT w/o OPKV
& 501 =3 InfiniGen-OPT w/ OPKV 47.01 48.49
c
£ 40 38.92
[=] 1”7 Tax 34
S| . 33.36! - 2
= 304 ! 26.161 ! 1 . 7.5
= 1 1 1o . 24.2
£ 204 1 . ;
g‘ \14.7 : , :
| |
'_E 104 1 : 1 :
= : | : !
0 .
2 4 6 8 10
Batch Size
(a) OPT-6.7B
= 55.35
a I InfiniGen-LLaMA w/o OPKV 52.59
% 501 I InfiniGen-LLaMA w/ oPKv 4817
c
2 a0 | 37.5 39.9
2 i
e 1 30.5
+ 30 .
[« |
S 20 - ;
3 i
c 104 :
l_ I
0 .
6 8 10
Batch Size
(b) LLaMA-8B

Decoding throughput under different batches
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Evaluation

Case Study

OmniKV End-to-End Performance

Decoding throughput improvement
Batch size: 2-8

 LLaMA-8B: 1.35x, 1.51x, 1.52x, 1.56x, 1.55x
* Yi-9B: 1.40x, 1.39x, 1.32x, 1.51x, 1.44x

80
o B OmniKV-LLaMA w/o OPKV 65.68
@ =0 OmniKV-LLaMA w/ OPKV 59.95 :
c 60-
[
j_‘é 47.59 146.2
o 39.0
2% w22
S 122.0 '
3
I
- |
~ I
0 - 1
2 4 6 10
Batch Size
(a) LLaMA-8B
80
= B OmniK\-Yi w/o OPKV 69.61
@ =1 OmniKV-Yi w/ OPKV
S 60 -
ﬁ 47.30 48.0
£
5 40 33.75  34.0
b3
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} .
-
[
0-
2 4 10
Batch Size
(b) Yi-9B

Decoding throughput under different batches
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Evaluation

Ablation Study

Quantified Contributions .
I Baseline
Disable OP Block Aggregation: . = :,':: ﬁ:ta,,':;'; iﬂﬂfatm"
o o 5 'y 3 w/ Full Prefetch
InfiniGen: -33.06% | OmniKV:-23.51% G | == ok
63.05
— OP Blocks are critical for reducing 1/0 amplification % 60 55.47
:5 47.01
.E- 40 - Lt 37.77
Disable Hot Page Reuse: =
e
InfiniGen: -14.25% | OmniKV: -12.02% F 0l
— Temporal locality is a significant source of savings
D .
InfiniGen-OPT OmnikKV-LLaMA
Method

Replace Selective with Full Prefetch:

InfiniGen: -19.66% | OmniKV: -20.16% Decoding throughput under different ablation configurations
-> Token-level selection avoids interconnect saturation (a fixed batch size of 8)



Evaluation

Sensitivity Analysis

Parameters
Block Size: Block Size Page Hit Ratio KV Budget
16-32 optimal — smaller increases overhead, larger 0 pldr  arof 1283 4384 po
amplifies 1/0 8 401 40 - A28 3905 | 4o | 2288
ie]
2
. . 20 - 20 - 20 -
Page Hit Ratio: J?:; 0
o
Lower improves reuse but adds I/0 amplification = 0

0- 0-
InfiniGen 8 16 32 50% 60% 70%  80% 10% 15% 20% 25%

InfiniGen decoding throughput with a fixed batch size of 8

KV Budget:
on OPT-6.7B

Even 10% - 46.47% throughput gain vs. prototype
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Evaluation

Eviction Policy Analysis

New Eviction Policies are anticipated

Eviction: S3FIFO[1] outperforms LRU/FIFO
Quick demotion of one-hit objects
+33% throughput at 17% KV budget

Insert: if not in ghost, insert to small @), else insert to main @
Evict (small): if not visited, insert to ghost @ else insert to main@
Evict (main): if visited, insert back O else evict O

[1] Yang J, Zhang Y, Qiu Z, et al. FIFO queues are all you need for
cache eviction[C]//Proceedings of the 29th Symposium on Operating
Systems Principles. 2023: 130-149.

B FIFO Wew LRU W S3FIFO

=
o

=
o

GPU Page Hit Ratio (%)
o
=Y

0.0 -

2 4 6 8 10
KV Budget of Normal Layer (%)

OmniKV decoding throughput with a fixed batch size of 8
on LLaMA-8B

Throughput (tokens/s)
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Conclusion

Our Contributions

» First framework to bridge token-level recallable sparsity and page-level KV cache management.
» Plugin-driven design enables rapid integration of new sparsity algorithms with minimal framework intrusion.
« Achieves up to 1.8x decoding throughput improvement across models, batch sizes and methods.

Future Work

« Explore adaptive scheduling strategies to transparently enable sparsity plugins for mixed regular
& long-context requests.
» Maximize throughput under SLOs by tuning the recall-computation trade-off.
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