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Kwon, Woosuk, et al. "Efficient memory management for large language model serving with PagedAttention." SOSP, 2023.

Background
« KV CacheZt?

- Autoregressive decodingOf| A| O step|3|'|:|' A
MALot= T4 of 1 Al &ot K, VE K2

-Decoding stepe A4t
-SHX| 2 M 22| H|&

It H token?| Key
&l ZHAFE St
22 0m2E 20 FE XXt
St

= Prefill vs. Decoding stage

- Prefill: &3 prompt2| n7l EZ2| K, V& oF H 0| A LS KV Cache Z=7|2}

-Decode: Off step OFCF token2| K, V& cacheO| append
s Cache?l -8 Z0[0f| M@=z St

@ PREFILL — ZEIZE HE XZ| (compute-bound)

® DECODE — EZ 5iL% MM (memory-bound)

cache size < seq len

DELE il E2o| K/VE
B 0| M > HA| £713} l .
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Background

« KV CacheZt?

- KV Cache Compression2| 22
- Cache= sequence 20| & HiX|0|| My o= F7}

2KV Cache 37| A4t

KV Cache =

2(K-V) x n_layers x n_kv_heads x d_head x seq_len x batch x 2 bytes

- Contextd| (= KV Cache 27|

: | context, reasoning, &

O:UKI- |E=| =
&)

D HEA A Kv 24 =32 Al H™ AE (BATCH 1) BATCH 82 m
Llama-2-7B ~14 GB MHA - 32L x 32H % 128d 0.50 MB ~28K tokens ~3.5K tokens
Llama-3-8B ~16 GB GQA - 32L x 8H x 128d 013 MB ~125K tokens ~16K tokens
Qwen2.5-7B ~15GB GQA - 28L x 4H x 128d 0.06 MB ~270K tokens ~34K tokens
Llama-3-76B ~140 GB GQA - 80L x 8H x 128d 0.33 MB ~430K tokens ~54K tokens
DeepSeek-V3 (MLA) ~1.3 TB (671B) latent 576d x 61L ~0.07 MB latent FHAC 2 &M XHHIE XX Z X|H
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Background

» KV Cache Compression
= Quantization
- o2t0leel B EEE HFe o

:': Floating point (FP) value - INT value

- Pruning

-2 3 o0 HOoM 2R Ble Liet0jHE 20jL= ¢ H

rir

before pruning after pruning

pruning
synapses

—-_——-

o - e o - 217 o - o

1.12 2.7 0.9 - 76 119 5 =) 13 28 092

. 0.68 1.43 . 81 99 . 0.71 1.39 pruning _
neurons h
FP32 INT8 FP32
(pre-quantized) (quantized) (dequantized)
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PatternK'V: Flattening KV Representation Expands Quantization
Headroom [ICML 2026]
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Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKVYV

* Problem statements
- KV quantization2| ‘2= = KV 29| flatnessO| 2 A| 2=
- 227} peakedSt ! outlier’} =M 4=5 quantization range”| 5O Xt 57}
7|E A= outliers 2| X E=ot= H ©F
-TM 22 F flatten SHA| XOFLL low-bit 2HE M H50| F 4o X[= 22X otA| EXY
» Key contributions
- KV quantization= variance decomposition 78 2 = X} 5| A
-Outlier 22 — F I flattening
- KV cachel| pattern= =445t pattern 7| Bt residual quantization@! PatternK'V A| ¢t

Flat Vector Flat Distribution (High Quantization Precision;

20 Quantization Step Boundary

% Quantization Ran ge MA{H i
E] p , 3 Original Distribution (Peaked) t Residual Distribution (Flat)
S X =2p § M |ja

! W L %
|

E Cluster 1: 103 Tokens -

” M‘" '

|||||

[y "'m«m

b Clustering i Residual A
e

‘ﬂ ‘
oy %

Total 512 Token o /e 4 Total 512 Token:

a
25 ll"m 74‘—.""“!"., e is 150 e %0 @ Low Quantization Precision & High Quantization Precision
Jlue (offset from zero-point Cluster N: 140 Tokens

15

H

310 S

5
o 20 40 60 80 120 0.0
Index Value (offset from zero-point)
(@ (b)
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Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

Quantization: Continuous to Discrete Mapping

@ Original values

PatternKVV

* A Variance Decomposition View SO DRSPS S I I

- Quantization scaling factor |

- 29| range0f| H|2| — varianceE flatness2| proxy 2 At-E H—T—T—T—'—W

X — . 06 04 0.2 0 0z 04
Q(X) _ \\ . Z-‘ 7 Xdeq —. Q(X) 1z, s — max()gzb—_nlnn(X) Value
- KV8| varianceE =0|7| ?[oh & H&
-Law of total variance T A|
Var(Z) = E[Var(Z | M)] +Varm])
intra-patu—e\l; variance in er—patt;rjl variance

- Pattern set M= "3 S} ™ inter-pattern & 0| 227 — = H: “Intra-pattern variance = = 2"

' Pattern set M: O|O|E{ & 1 &=}

- AN 222 XS =0|= A — Flat?h quantization L& = Bt E = pattern M= 1 EH
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Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKVYV

« KV Pattern Analysis
- K cache

-2 3 L& L0 A 7| 215k= stable pattern, contexti= rescale

Layer 25 Head 5 only Embedding Layer 25 Head 5 With Context
0.010
17.5
0.008 150
3 0.006 E 125
< < 100
S o004 S s
L [
E 0.002 E 50
2s
0.000 i 11 T . 1 T nI.I..hI.i.,'I.n.l_
o 20 40 60 B0 100 120 [} 20 40 60 80 100 120
Dim Index Dim Index

J

tot

- Context, RoPEO|| 2|3l decoding stageOf| A{ attention head € = 2tTtSHA| H
= V cache

- E 3 o|0|t AHEEl qatent pattern =N, CHE = layerO| A token—cluster B2t Zet

Layer 8 Head 0 Layer 16 Head 3
-
0.80
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0.70
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0.60
0.55
0.50
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oy Sofu
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Bael Wi,
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Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKVYV

 Method: PatternKV
- Pattern Mining

- Prefill : K-means = pattern vectors 1785} intra—pattern variance Z| 23}
= %M@ HO|E{ES cluster N (32)  ,,min Z W‘Ze;Jllwa z,;
Z} cluster2| E 4% - Pattern vectors
—Decoding : Chebyshev center= pattern 34l (128 tokens) —» =Z2| M TE Flzt A

1
Zt clusterl| S 7t 24 > Pattern vectors  Mpg° = = (m_z'n Xpid +maz Xh,i,d)

Qustend Gl . New Generated Tokens
Chebyshev Center H

Pattern Mining
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Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKVYV

* Method: PatternKV

» Pattern Utilization

- Pattern vector /1 EH

‘- Min-max distance M* = “X;%T,,m Ao (X, M) dypy (2, m) = max; (z; — m;)
h

-Residual quantization
i X flatten R=X-M*
- Only V cache
-Token—cluster H 20| &2 S 7t layer
{t layer= semantic ‘S 2 0| 25|l pattern @ 20| 23|2{ LXK E 7}
x

]
'+ One-sided z-test 7| 2F adaptive threshold2 M EIE M2 p = Ryy/Reaw < p4(d, @)

Pattern Utilization LlLL LL Pattern Vectors}
Pattern Select
||.| .

Hard to Quantize Easy to Quantize
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Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKV?D

» System Optimization
- Prefill stage pattern extraction
-HeadOFCF & & pattern setO] =2 — GPU-parallel K-meansZ clustering latency |25}
= Decoding stage KV reconstruction

-DecodeOtCt KV X 7/d overheadt 2 — 5 70 2| custom CUDA kernel £ fusion

;= Kernel 1: K cache2| pattern index = @ + dequantization + QKT matmul= StLI 2 8T

;s Kernel 2: Dequantization + pattern index =& + VO CHSt attention weight 8 &=

StLZ B¢
« 210}
- PyTorch 7+ CHH| decode latency Cll = Zf &
- Peak throughput <F 15%71, per-sample latency & 10%
= Overhead
~ Pattern vector A &= prefill 0.39%, decode 0.78% =2 2, MA| Kv 4 22[2| Z5| &£
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Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKV?D

» Experiments

= Quantitative Results
-Benchmarks: LongBench(long-context)
-Models: Llama-3.1-8B/70B, Qwen2.5-7B
- 2-bit LongBench: baseline CHH| 2T A 24

Model Method MQA SQA Summ. Few-shot Synth. Code Avg
FP16 36.63 46.56  25.54 61.16 59.99 5942 46.59
KIVI 3486 4396 24.98 60.35 5443  55.53 44.33

Llama3.!1-8B-Instruct ZipCache 32.65 4052 24.02 59.86 4744 6091 4249
SKVQ 3481 4259 2483 59.74 52.81 6145 4425

OTT 3434 4341 2519 5964 5545 6248 44.84
PatternKV 3549 45.08 25.12  60.58  57.89 5655 45.33
FP16 5268 4956  25.67 66.18 7267 4680 5181
KIVI 5241 4892 2545 6573 7258 46.62 51.48
Llama3.1-70B-Instruct ~ ZipCache 3698 4544  23.28 58.57 6792 5837 46.55
SKVQ ; ] ] ] ] ] ]
OTT 4072 4736 2474 6005 6850 59.97 4843
PatternKV  52.45 4919  25.21 6576 7267 4765 5161
FP16 3803 4540 2337 5985 5883 6284 46.13
Qwen2.5-7B-Instruct vy 3577 4273 22.80 5813 5150 5625 43.08

PatternKV  36.36 4393  22.77 59.21 55.17 56.67 44.18
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Zhang, Ji, et al. "PatternKV: Flattening KV Representation Expands Quantization Headroom." arXiv preprint arXiv:2510.05176 (2025).

PatternKV?D

« Experiments

- Ablation studies
- Components : K/V pattern, new pattern Zf Zf 7|0, £9| V-threshold K| A| =2
~Cluster groups: MO| 255 IR g, M=4Z2 X 0|59 Bt =t

- Efficiency & Overhead

- Prefill2| pattern miningO| 5= overheadX| Bt latency +6%0i| =1t
-FP16 EiH| throughput 1.5x, batch 1.25x / KIVI CifH| peak memory +0.42%0] =1}

Component LongBench Avg GSMSK IM| LongBench Avg GSMSK
KIVI 44.33 72.96 KIVI 44.33 72.96
PatternKV 45.33 75.58 ) 44.57 73.72

w/o K Pattern 44.53 7391 4 44.92 75.26
w/o V Pattern 44.96 74.60 ] 44.92 75.94
w/o New Pattern 45.37 75.49 16 45.28 75.20
w/o V Threshold 24.67 0.30 32 45.33 75.58
Component Latency Throughput GFLOPs
Pattern mining +6.60% —6.10% 6.91
Pattern selection +2.59% —2.47% 2.07
Chebyshev-center updates +3.11% —2.94% 2.78
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KeyDiff: Key Similarity-Based KV Cache Eviction for Long-Context
LLM Inference in Resource-Constrained Environments

[NeurIPS 2025]
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Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances

KeyDiff!
* Problem statements
- Edge-device 2tE 0| A K| 2F =7
- Prompt HHE of HO| H2|otH AL DPF 0| A M2 2] K<
7| & A =2 block-wise inference £ $ 2|

- O} X| 2t attention 7|2t eviction> E=H =7t St=t

» Key contributions

- Cosine similarity = A1

OIAE _L|;O =] 3

o =
-H2 key2TE attention score= =

0jo

- Attention score 910| key FAIETI2 Z evictionOF= KeyDiff A| ¢t

- Key diversity 7} token 52 = 2| proxy2l= O|EX L 2 H 3}

R 447 CH 8k

SOGANG UNIVERSITY 16
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Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

KeyDiffD
* Block Prompt Processing
- 23 promptE A2 block2 E L0 =X 2 2 X 2| (128 words)
-2 M oM HE22| Mo &=
- 25 block X 2| 2 eviction scoreE budget N=& Z=1St= KVE A A
« Attention 7|2t eviction2| THA

- Block 12| evictionO| O| = block i+12| cached| EEF
- 2R ED S E THHSHY D) 2f 0| S 28] & tokenO| O] 2| XA

alifef¥ololotoleTpETololeY

@gé @é{}éé ®é§é®
ééé— ééé () —éa éaé
P\ﬂ {CH 8kn VDS
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Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

KeyDiff)

« Cosine similarity &

- Insight : Key similarity 2} attention score2| = 2| & 2t2tA|
- Attention sink 44}
' LLM<Z Query2t F26HH 578 &= EZ20| =2 attentiona &

-Hypothesis

' &= attention score= QK 20| OFL|2} Key AtN|2| D7 EHo =2 A7 2
-Results

'« Key=1F Hat cosine similarity7F &= K7} Q2F F2SHA| G &2 attention score

vKey diversity7 O/ 2l token &= 810| = global token importance2| &ot X| &

Attermon Weight (Layer 11 Head 1) <

Cossine Similarity (Layer 2 Head 1) - Attentlon Weight (Layer 2 Head 1) i
o a

Cossine Similarity (Layer 11 Head 1) b
0D 3

CORERPP RPN PS SOV R PP LIRSS S »
Key index Key index Key index

(a) Layer 2 and Head 1 (b) Layer 11 and Head 1
R ST | VDS I
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Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

KeyDiff!
* Method : KeyDiff

- 2 keyOll CHSH CHE key2}2| pairwise cosine similarity 8 0| 2 KeyFE XA

-FALEZF S-S NIHEE A E
S = topk(— CosSim(K)1, N) —> § = topk(— CosSim(u(K), k;), N)
- Efficient variant : O(n?) — O(n)
;s Anchor vector p(K)(T X Key EH+)2t2| FAFZ TF A At
- FAFEZF E 2 tokenO| S22 HE!

[ Negative Cosine Similarity (—(Anchor)

Blalclal ToRyeme

A 4
Anchor
[ Top-K ] O

R AW THEE D VDS
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Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

KeyDiff!
 Why KeyDiff Works : A Theoretical Perspective

- Lemma
-Key”ZF =2 attention scoreE 2 2{™ Query2t =2 cosine similarity =2
« Theorem
CosSim(k*,q) = B, > 0 and CosSim(k, q) = a, < 0.
CosSim(k,k*) < 1+ agfBy — 0.5a; — 0.54;.

-1. 8 Key2t Query/t EE[ 1 2. BT Key”/f Query2l A7} H 2 M

x 6—9- Keyﬂ Jé:' iy Key9_| 9 A|‘E Query Key PCA Plot (Layer0 HeadO)
7.5 1 o
1T o L} O = -
[2fAM, Bt Key2l RAIE7F R 2 Key 7t 52 ¢ P
c
. . o
-“Key diversity/| O|2H token & 810| = g
o
o _ (@)
global token importance2| 2ot X| &> 2 S8
S FXC RN o
s T | : c . &40, O Query T
§ & & 50 m % Top KeyDiff key
* E ' %6’ A Average key
?;.<-, —7.5 1 g0 O Key
e H i | | _ | -0 -0 0 10
(a) Sink Attention (b) TOVA (c) KEYDIFF (d) Retained keys only 1st principle component
ﬂ HAETHED VDS
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KeyDiff)

» Experiments

Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

= Quantitative Results

-Benchmarks : LongBench (long-context)

-Models : Llama-3.1-8B, Llama-3.2-3B
- 6K budget <1.5%, 8K budget <0.04% =4 (33%23% &%), HF & taskOf| A =

ABTNE-D
SOGANG UNIVERSITY

Single Doc. QA Multi Doc. QA Summarization Fewshot Learning Synthetic Code
Narrative QA Qasper MF-en HotpotQA 2WikiMQA Musique GovReport QMSum MuliNews TREC TriviaQA SAMSum PCount PRen Lec RB-P  Avg
Llama3.1-88 30,05 4700 5612 5733 47.81 34.86 2532 2702 7300 9161 4337 833 9950 6166 5194 4920
2K 174 2015 2533 2611 24.15 217 270 1678 4400 2936 7.62 225 588 4015 1214 1689
wo K 407 36.16 3600 3352 3287 6.66 5.95 2409 5500  47.65 17.41 400 2450 5485 2143 2637
6K 852 4331 4480 40.03 4246 11.85 8.78 2603 6200 5639 25.72 575 4550 5862 2953 33.19
8K 13.85 4494 4781 4364 44.90 18.78 1135 2649 69.50  69.05 3341 525 6250 5974 3626 3820
2K 2257 3726 3943 4574 3448 28.87 2117 2695 6250 9073 4274 000 1800 6268 5248 37.52
Tova 4K 22.68 4455 4787 4676 44.54 30.95 2213 2696 6150 90.56 4327 300 4350 6162 5340 4149
6K 24.59 4503 5392 5509 4743 3233 24.10 2700 6850 9081 4389 425 6700 6150 5239 4524
8K 24.86 4678 5483 5452 49.00 3344 24.76 2700 7100 9LI1 4329 625 8700 6149 5179 47.09
2K 21.83 3427 2924 3864 29.50 2851 2021 2662 6500  89.46 4220 200 2550 6495 5954 36.88
T 22.94 4301 3908 4404 4139 31.08 2157 2678 7000 9153 4229 300 3850 6212 5884 40.95
6K 2541 4740 4413 4739 4573 32.53 22.19 2687 7200 9125 43.41 308 5250 6222 5624 4339
8K 23.53 4663 4868  49.61 47.16 33.10 2320 2692 7200 9129 43.79 325 6600 6218 5643 44.68
2K 21.81 3722 3719 4610 3542 29.83 21.05 2677 6100  88.84 42.56 403 5150 6237 5145 39.60
snanky K 2479 4422 4730 4849 46.73 32.19 2268 2695 6750  90.98 4314 517 8950 6144 5120 45.18
nap 6K 24.10 4557 5044 5302 48.41 3343 2353 2703 7150 9228 43.58 525 9800 6132 5216 4712
3K 25.15 4655 5339 56.00 4875 33.67 24.85 27.01 7250 9178 43.54 508 10000 6148 5141 48.06
2K 26.64 4173 5099 5159 46.47 29.02 2386 2676 6650 8592 3926 317 9600 5917 3942 4433
KevDier K 28.70 4562 5606 5458 4931 32.30 25.03 27.07 7000 9085 4284 421 9900 6080 48.00 47.66
6K 29.90 4633 5511 56.80 49.50 33.44 24.58 2698 7200 90.99 43.10 527 9950 6140 4970 4851
8K 3357 4677 5548 5687 4937 34.17 2512 27.01 7250 9228 4281 583 9950 6148 5090 49.03
Llama3.2-3B 23.76 4023 5009 50.69 4229 26.84 33.09 2430 25.21 7250 90.11 42.58 300 9650 5622 5652
2K 1.63 1996 2020 1802 19.56 2.88 078 155 1597 4100 2197 9.83 050 050 3971 1391
wo 4K 292 3104 3323 2440 28.08 7.55 544 6.30 2277 5300 3885 2033 150 750 5123 2204
6K 4.62 3881 3906 3466 3552 1521 10.51 10.01 2425 6150 5323 2737 050 1300 5455 3229
8K 9.65 39.66 4320 3809 40.41 2146 17.80 13.28 2467 7000 6430 3219 200 2450 5500 39.09
2K 17.14 3014 3244 3596 3005 13.08 26.15 19.70 2504 5650  87.81 40.48 250 1150 5551 5236
Tova 4K 20.52 39.53 4247 4412 3842 18.22 29.36 2136 2496 6350  88.98 41.50 300 2350 5572 56.66
6K 20.22 39.78 4586  49.08 41.54 2043 30.50 2217 2511 6650  89.00 42,50 400 4650 5557 5753
3K 21.08 4067 4907 4869 4193 2305 3164 2285 2521 69.00 895 4219 250 7100 5577 5747
2K 16.85 30.69 2658 3326 2527 13.82 26.74 19.15 2515 6500 8617 40.79 150 1950 5665 5273
I 19.46 3861 3622 4197 3584 13.37 29.34 20.19 2506 7100 88.06 4131 250 3550 5648 5243
m 6K 19.33 4029 3795 4648 4029 1531 30.43 2135 2514 7150 8893 4204 350 4700 5655 5411
8K 20.15 4002 4194 4815 4224 16.01 31.64 2210 2520 7300 89.26 4237 350 6250 5686 56.63
2K 17.38 3137 3148 3177 3005 11.54 27.03 19.93 2497 5900 8813 4048 350 3250 5632 5591
snanky K 19.85 3922 3986 4670 3798 16.64 29.79 2121 2501 6550 8935 4095 250 6250 5574 56.88
P 6K 20.83 39.65 4448 4930 40.18 2028 31.27 27 2509  69.00  89.95 4147 400 8500 5569 57.82
8K 20.49 4080 4816 4878 41.65 2479 31.81 23.46 2517 7000 90.17 41.99 500 9400 5577 5729
2K 18.29 3665 4544 4600 3541 13.79 28.16 2145 2501 6000 8524 37.00 100 6050 5413 4201
P 2234 4060 4915 50.14 4030 2165 31.38 2344 2506 6650  §7.92 41.41 250 8850 5555 5224
6K 2229 4068 5014 5174 4219 24.83 3239 2353 2519 7100 90.02 42,00 300 9500 5586 5439
3K 2241 4077 5010 49.83 43.58 28.09 3278 23.60 2517 7200 90.17 4246 350 9650 5585 55.65
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Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

KeyDiff!
» Experiments

- Ablation studies
- M8l Average of Full Longbench results for Llama 3.2-3BInstruct
- Anchor vector
;' Pairwise, Median2 O Mzt ghAIO|X|OF QA EXRtE 71 2
- Similarity metric

;= Cosine similarity/} 2= budgetOf| A| &%

2K 4K 6K 8K 2K 4K 6K 8K
KEYDIFF 35.09 40.28 41.88 42.40 KEYDIFF 35.09 40.28 41.88 42.40
Pairwise 35.24 40.61 41.87 4245 DotProd 30.14 38.01 41.09 42.23
Median 35.43 40.67 41.89 42.26 Euclidean 13.68 21.06 2591 29.53
VDS
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Park, Junyoung, et al. "Keydiff: Key similarity-based kv cache eviction for long-context llm inference in resource-constrained environments." Advances in Neural Information Processing Systems 38 (2026): 5983-6019.

KeyDiff!
» Experiments

- Efficiency
-S& X 0 (N+B)E TOVALRL &Y, H20, SnapKVELH S &
~FlashAttention @2t2 2 TTFT Z|CH 30% &2, block size2}

-Cache/t AETF

T 2toh 2 latency

TOVA, SnapKV CHH| scoring latency 24| <%

Runtime Complexity Memory Complexity
KEYDIFF  O(N + B) O(N + B)
TOVA  O(N + B) O(N + B)
H20 O(NB + B?) O(NB + B?)
SnapKV ~ O((N + B)L) O((N + B)L)
Sink O(N) O(1)
Prompt Block Size 64 Prompt Block Size 128 Prompt Block Size 256
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