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Background

* KV Cache
- Decoding A| O] token2| Key/Value= cacheOi| X Z&ot0 AR
- Ok A|: cache 3 7|7t sequence lengthO| M H2 = S}
-LLaMA-2-7B 7| & 32K contextO| A KV cacheTt =& GB =& 7HX| S7t
-CacheE& 90| 2+ memory bandwidth’} decoding & = 2| E-=0| =
* KV Cache Compression
- M| 2H=l memory budgetO| M S22 KVEF FX[SHY cacheE & =0t
= St

-0 22| AFESF1} attention A|MEFS SO|BHA M

KMeans : )
ey R ey | _ ___
cache Ir » vectors \l
s ) . .
1 \4
: Attention(Q, K, V)
used Valve 1 Value
cache T _l__) vectors P s x(Ql‘_ )p
11 Vg
o A
most recent | Q(clustering) : : Q(clustering) | = = = = = 7
A token
ClUSterlng R < K(clusteving) - il :
V(c(usteving) - -

<Fig 1. KV cache >
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Background
HEAl

« 7| KV Cache Compression &4

= Quantization
_KV state= FP16 CHAl 4-bit S MH|EZ HE35}0] cache 222 XM =
St

- Token == 1L{ 20| 2 £ attention HMZF2 Z=X| 210 outlier0f 2|

= Eviction
= AMN|SHY cache Z20|E 4

- Attention score/} Z 2 token2| KVE
A=l tokenl| HE7I @AM 2 &4 E[0] O|F decodingW|Al & =7t
;= Context windows & H 7t position embeddingO| HE| = HOILI H50| &1

- Merging
-H2{ & token= FAFSH tokenOl| HESI0 HEE YR EE
< Fine-tuning g 80| = 2AF XL Z QI5l d5 XMot7F Ed
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Background

* Visual Autoregressive (VAR) Modeling
- 7| & visual AR: O|O|X| & discrete token2 £ L At2} St | next-token prediction
-Token <=7} F O} decoding stepO| £ 1 inference latency’} =
- VAR: next-tokenO| Ol next-scale prediction Iff 2{Ct &
- Feature map= K7l 2| multi-scale token map R = (11, ..., r K)& L X}z}

K
p(ry, .., 1x) = 1_[ p(1e | 71y oo Th—1)
k=1

~Scale L§ & token2 HE 4 — K stepZH0]| coarse-to-fine ‘S
- KV Cache in VAR

~Scale kQ| ‘M2 O| M 2= scale2| token= contextual prefix & At

= z h;w;, hewy, = a?k=D

-GenerationO| M E = 0| 2 E scale®| KV cache/t =8 X &
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A

FregKV: Key-Value Compression in Frequency Domain
for Context Window Extension [ICLR 2026]
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1) Kai, Jushi, et al. "FreqKV: Key-Value Compression in Frequency Domain for Context Window Extension." International Conference on Learning Representations. 2026.

FreqKV"D

* Introduction

- Problem statements

-LLM 2 pre-training A| 28l &l context windows EO|A|H 50| 2435| X}

- 7| & KV compression=> T = token eviction &=-= token merging Qi 7|t

SR ETJE2 tokens N ASIEZ Sf|Y HEI GFEH=E &4
2 0 2] KV stateZ= SILIE ZAISIEE &2 full-attention Z24tE HetsS| EESH7| 022

- Key contributions

-KV state2| Of| L4 X[ 7} frequency domain2| low-frequency S &0 M &= &
-DCT 7|8} frequency-domain KV compression 7| 2 Fregk VE K| 2t

-« Parameter-free: =7} 25 Lf2t0|EHLE &= 2= 20| KV cache ¥ H 7t

- 8K context fine-tuning2t 2 £ E|Cl 256K contextO| M= CHE XA QI d& FAX|

]
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1) Kai, Jushi, et al. "FreqKV: Key-Value Compression in Frequency Domain for Context Window Extension." International Conference on Learning Representations. 2026.

FreqKV"D

* Observations

- KV state2| frequency-domain power spectrum

layer 0 layer 4 layer 8 layer 16 layer 31
[ 1754
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(a) The average power spectrums of key states.
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(b) The average power spectrums of value states.

<Fig 2. Power spectrums of KV states >

-K, V stateE sequence dimension= [[t2} DCT #H 2ot £ power spectrum = Ad
-Z27| layer M| 2|, layer7} ZO|H 5 K2t V 25 low-frequency B B0 energy/t &
= KV state 0| A 385 2 £ Jow-frequency-dominant spectral patternO| 2tZ

—Low-frequency% H ZE5}= frequency-domain compression2| 7Hs3= A A
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1) Kai, Jushi, et al. "FreqKV: Key-Value Compression in Frequency Domain for Context Window Extension." International Conference on Learning Representations. 2026.

FreqKV?Y

» Observations

- Low-frequency vs. High-frequency
-1007H2] 2A 0| M HA| T 1%E &2|0 2 X|2tS}= perturbation A 2

'« Low-frequency ‘S =+ perturbation O| 20| = &2 cosine similarityS = X|

_I'__I_
y22 THe 912 wato| ATiHoR DI

'+ High-frequency ‘3
- Low-frequency= global semantic, high-frequency+= local detail& == HF'F
- Summarization taskOf| A| ot%& 20 R X510 d&52 B7t

'« Low-frequency 2t R X8t A2 ZE HOIHAQM H =2 2% Hs

fujo

29

-~O— Low-freq components of key states
0.9 -0~ High-freq components of key states

—&— Low-freq components of value states
—{— High-freq components of value states
-0

o
®

Components Retained GovReport QMSum MultiNews

high-frequency 14.21 16.54 15.55
low-frequency 25.51 21.81 26.9

Cosine Similarity
o o
o S

o
v

< Table 1. Performance on summarization >
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Layer
R g d k-t < Fig 3. Cosine similarity > —
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1) Kai, Jushi, et al. "FreqKV: Key-Value Compression in Frequency Domain for Context Window Extension." International Conference on Learning Representations. 2026.

FreqKV"D
* Methods

- Frequency-domain KV Compression

-KV cache& DCTZ frequency domain2 = HEt

qn[Kon-1 D ky]”
Vd

A(N) = Softmax ( > + [Von—1 D vnl

Z{)<'N 1 = DCT(KO:N—l)r Z(‘)/:N—l = DCT(VO:N—l)

- Low-frequency ‘d= 2t FX|
'« High-frequency ‘S == M| A
-IDCTZ LC}A| time domainL 2 =&
;= Retaining ratio YOl CHSH cache length7t L=yN2 2 Z A
s LLaMA-2 7| N =4092 — L =2046 (y = 0.5)
-Token= 2t X|St= A 0| OfL|2f TH| tokenl| BEEZ A F
« B = token®| 7| 7} compressed cacheO| = Ot /U=
s's Bviction2f2| 22X X} 0|

R B THED

SOGANG UNIVERSITY 10

Frequency Compression

I .

DCT

Frequency
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< Fig 4. Frequency compression >
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1) Kai, Jushi, et al. "FreqKV: Key-Value Compression in Frequency Domain for Context Window Extension." International Conference on Learning Representations. 2026.

FreqKV"D
* Methods

- Context Extension via Iterative Compression
- Context window L £ 0| A= YEFE O full attentions 12 =
~Cache?l 7S X}™ frequency-domain compressiona T2
- 0|2 M Z-2 token= compressed cache £ Ol Al& 7}
~Cache”} CFA| X}3H compressed cache@}t Al token= SH7H| A &=

qn [EO:L—1 S5) kN]T

A(N, L) = Softmax \/E . [VOZL—I @ UN]
-2 E token@ 5 O 2] H = E[ Z token A2 EHE[X| S
Input Takens
What  is the human life expect ancy today

Oootin oo oo

Context Window

BE -
. sink tokens I:I
|:| incoming tokens I:l

I:l compressed tokens I:l«’/
7 e VDS

SOGANG UNIVERSITY < Fig 5. Context Extension > LaB
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1) Kai, Jushi, et al. "FreqKV: Key-Value Compression in Frequency Domain for Context Window Extension." International Conference on Learning Representat:

FreqKV"D
* Methods

- Rescaling

-DCT/IDCT&= component 7H2| M| & =2 £ signal= normalize
;- 2O NS 2 Pt MSE 20| L2 &t IDCTSHH amplitude7t O 2

-O0| & EHSI7| {8 V(L/N)2| rescaling factorE &
70:N—1 L K
SN = |SIDCT(ZEy_1[0:L — 1)

- &= =l caches= 0|2 attentionOf| A] LHt KV cache2t & LSHA AR
- Computational cost

- Compressiont= N — L7H 2| tokenO| M2 7 & [IHOFCH oF H B =34

-0t HO| compression H[ &= ON log N)2 £ T K| decoding latency CHH| 0.3% O] 2F
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1) Kai, Jushi, et al. "FreqKV: Key-Value Compression in Frequency Domain for Context Window Extension." International Conference

FreqKV"D

» Methods
» Sink Tokens

-LLM2 ZE7| token0|| &2 attention= St=
o o

= + attention sink 2142 2
~-FreqgKVE= Z7| S7H 9] sink token= Y =OHA| &1 OO E H=

6IM[KO:S—1 Q) KO:L—l Q) KN:M]T

A(S,N,L,M) = Softma - V.o Vo V.
( ) X \/E [0.51@ 0L—1 D Neml
- RoPE Handling

-Key state= RoPEE M -&05}7| T HEi 2 2= |0 cached| M

- Attention Al &t A| = O] compressed keyOll RoOPEE & &

- Compressed tokenOi| = & 2l sequence positionO| OFL| 2} cache LHF 2| position= F

'« Cache Z 0|7} 24f context window O|LfO| E = positionO| St H S HOLIX| 2
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1) Kai, Jushi, et al. "FreqKV: Key-Value Compression in Frequency Domain for Context Window Extension." International Conference on Learning Representations. 2026.

FreqKV"D

» Experiments
- Long-context Language Modeling
-FreqKV& compressed cacheE AFESIHAM = full cache?t &t LT O %2 PPL H 4
-8K StE5 2o = 32K H7H ZO|O M= PPL 7.022 2HEH O 2 {X|
S

- O . - -
-LongLoRA/LoCoCo+ & 2 window(2K, 4K) L{Of| A 25|21 4-50| X 5I&
ing Evaluation Context Length
Size Training Method Inference g
Length Cache 2048 4096 8192 16384 32768
Full FT Full 7.55 7.21 6.98 - -
8192 LoCoCo* Compressed  8.15 8.08 7.27 - -
LongLoRA Full 7.70 7.35 7.14 - -
FreqKV Compressed  7.45 7.12 7.04 7.02 7.02
7B Full FT Full OOM during Training
16384 LoCoCo Compressed OOM during Training
Longl.oRA Full 7.65 7.28 7.02 6.86 -
FreqKV Compressed  7.46 7.13 7.03 6.99 6.98
32768 LongLoRA Full 8.29 7.83 7.54 7.35 7.22
FreqKV Compressed  7.47 7.14 7.04 7.00 6.98
Full FT Full 6.95 6.60 6.43 - -
3B 8192 1 ioloRA Full 703 673 658

FreqKV Compressed  6.82 6.52 6.44 6.42 6.41

< Table 2. Perplexity evaluation >
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1) Kai, Jushi, et al. "FreqKV: Key-Value Compression in Frequency Domain for Context Window Extension." International Conference on Learning Representations. 2026.

FreqKV?Y

» Experiments

- Long-context Understanding

-LLaMA-3 context windows E+ 16K H7I0|A] 7|=E HHH 2 25 &1 (=0)
80| ¢l

Fl

'+ &V = O| = out-of-bound position embedding Al
~-FreqgKVE 16KO|ME BT 473022 FAUSHA A& &
- Needle-in-a-Haystack 0| A| = & 2| windowE € O] 7 ZH0| M Fregk VR HE = A AN

Evaluation
Length  Method CWE FWE QA VI NIAH | Avg - .
LLaMA-3 9640 8233 6250 9500 97.81 | 86.81 g

+D20 9320 81.00 6200 8880 47.53 | 7451 1% i
+GemFilter | 96.40 8233 6250 9500 97.81 | 86.81 i o i

8K +FastKV 86.10 77.67 63.50 93.00 87.03 | 81.46 - s
:%E?IE ll{i v 9965%0 ?ggg g%gg 993 6680 gig? gggg f#ffff#‘#”#«%{fdgﬁ&{g{{# ﬁ%ﬂ%&####f&f{{{{{@:‘{f{.{{f #!J!Jfff###!f{{{{{{%{.{t&f{f ”
+PyramidKV | 96.40 8233 62.50 9500 97.81 | 86.81 (a) GemFilter. (b) FastKV. (c) SnapKV.
+FregKV 91.80 84.67 6450 100.00 9744 | 87.68
+D20 - - - - - 00OM 3 B
+GemFilter | 0.00 000 050 000 000 | 010 s
+FastKV 000 000 000 000 000 | 000 i i

16K +SnapKV 000 000 050 000 000 | 010
+ThinK 000 000 000 000 000 | 000 f o
+PyramidKV 0.00 0-00 0.50 0.00 0.00 0.10 lﬁxfflﬁﬁflu'lflf/!’gfifxﬁﬁ ’#M'!#Mf#lf/#awy#f#f f##’f###%’/f&”’#{f/ﬁ
+FregKV 4510 8733 34.00 44.60 2547 | 4730 e R

(d) ThinK. (e) PyramidKV. (f) FreqKV.
< Table 3. RULER results > < Fig 6. Needle-in-a-Haystack results >
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1) Kai, Jushi, et al. "FreqKV: Key-Value Compression in Frequency Domain for Context Window Extension." International Conference on Learning Representations. 2026.

FreqKV"D

 Analysis
- Efficient Extrapolation
-8K contextZ Zt st& ot R EH S X|Olf 256K 2| =0 8310 itet 5= Bt
- Compression latency= 2 A| decoding latency2| 0.3% O| Tt
= Training Cost

-8t& A7} 28.88h > 17.07h, B 22| 44.04 GB > 24.58 GB (2 40% &)

Evaluation Length 8K 16K 32K 64K 128K 256K
Compression Count 3 7 15 31 63 127
Decoding Latency 214.96 445.69 907.49 1832.77 3692.03 7422.64
Compression Latency 0.62 (0.29%) 1.09 (0.24%) 2.18 (0.24%) 4.00 (0.22%) 8.31 (0.23%) 16.39 (0.22%)
PPL 7.76 7.74 7.73 7.73 7.73 7.73

< Table 4. Extrapolation performance >

Method Training Length Time (hours) Memory (GB)

Full FT 8K 28.88 44.04
8K 17.07 24.58
FreqgKV 16K 38.57 34.00
32K 89.35 45.37

<Table 5. Training cost >
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A

HACK: Head-Aware KV Cache Compression
for Efficient Visual Autoregressive Modeling [AAAI 2026]
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1)

Qin, Ziran, et al. "Head-Aware KV Cache Compression for Efficient Visual Autoregressive Modeling." Proceedings of the AAAI Conference on Artificial Intelligence. 2026

HACKDY

* Introduction

» Problem statements

-VAR 2 22 next-scale prediction=
-ScaleO| S7I2t+E O|XM B =

B 312 | up 2ol 28 001N U
K
=T /i

scale®| KV cache} X|£HO 2 +X
= Attention 2T £ O(n*)E Lojj&H = O|0|X| MM A| HAL2FO| &

22817 571
v Infinity: 1024x1024 O|O|X| 24-d Al 10K7l O| & 2| token M| &

-LLME& KV compressionea 1L 2 & -E3IH VARO|A &&0| A X5t
- Key contributions

- VARZO]| attention head= contextual 1} structural & SO E 2

- Training-free head-aware compression 7| & HACK A| ¢t

Asymmetric budget allocationf pattern-specific compressions &4

= Attention S £: O(n*) » O(Bn?)E &2, 70% UdF AN = &

rot

Ik

Xl

R 41 TH8E D
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1)

HACKDY

* Observations

- Two distinct attention patterns
- Contextual heads

- 22=9| key tokenOf| £

‘ =
‘,:»Global semantic consistency= 1+ A|St=

- Structural heads

Qin, Ziran, et al. "Head-Aware KV Cache Compression for Efficient Visual Autoregressive Modeling." Proceedings of the AAAI Conference on Artificial Intelligence. 2026.

&5 OF= vertical attention pattern

e kTt
1=

S UM O 2 QIS token | attention©F+= multi-diagonal pattern
- Spatial coherence®@} geometryS EZ=ot= G
- & pattern 25 sampled} scaleO| HHH O = & EHE[A| FX|

Contextual heads (Vertical

pattern)  Structural heads (Multi-diagonal pattern)

Across Sampleu

«— Across Scales —

Layer 9 Head 0

R B THED

SOGANG UNIVERSITY

{ i | b Hik
! i
| x‘;. ¥

Across Samples

0.010

0.008

0.006

0.004

Attention Score

0.002

«— Across Scales —

0.000

Layer 9 Head 29
< Fig 7. Attention patterns >
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1) Qin, Ziran, et al. "Head-Aware KV Cache Compression for Efficient Visual Autoregressive Modeling." Proceedings of the AAAI Conference on Artificial Intelligence. 2026.

HACKDY

* Observations

- Head masking & d
-2} head type2| 10%E maskingotO| Mg Z1HE H| W
- Contextual head masking (b)
;s a2 2] semantic consistency 7t A H 2}
s MMAEQl S AR HluH 7 X
- Structural head masking (c)
ol AN 2 ofbf= TR & 7 A

- AEH Q= 2 spatial distortion 2 4H

@ AW THED < Fig 8. Head masking > | VDS |
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1)

HACKDY

» Observations
Compression sensitivity & Scale importance
o2 cache budget=2 &Y
o| 8%
Sk

~ Structural head0f| G
Contextual head: 90% compressionOf| A{ = O|O|X| F & A
U 233

_

Structural head: &= E0| 50%E o™ &

Scale importance

-LLMO||A x=7|0f| %3t token} 7 X2 tokenO| I &2 attention=
=7
(e S 1

Qin, Ziran, et al. "Head-Aware KV Cache Compression for Efficient Visual Autoregressive Modeling." Proceedings of the AAAI Conference on Artificial Intelligence. 2026

HFO
| I |

Fscale S EEHLC L=

- o
- Initial scaleZ} recent scale2| token= E Z&=Sf= KN EFO|

Other Scales

125
30 Full Cache P %, —y—
—e - Contextual Heads H 100 \\ Init + Recent Scales
-#»= Structural Heads : \VZ\
o %0 / o 7 N
L ) T N
! 50 v,
10 I e
===% 25 _
o e e P o e e K EE=—@==0-—0 W o
S~ —
0 0
0 30 50 70 80 90 4 5 6 7 8 9
Compression Ratio (%) Generation Step
<Fig 9. Analysis on VAR-d30 >
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1) Qin, Ziran, et al. "Head-Aware KV Cache Compression for Efficient Visual Autoregressive Modeling." Proceedings of the AAAI Conference on Artificial Intelligence. 2026.

HACKDY

* Methods

= Framework

(a) Offline head classification — (b) Asymmetric budget — (¢) Pattern-specific compression
-KV cache Z 0|7} S| S head group2| budget= Z=1tet M Bt b= A
- Attention A|£F 20| Y=dtE 2 M2 2|2}

- E T per-head budget BE F XI5t attention FE =&

Al 4AH2F B & bounded
OBnHE &4

& K.V

‘)\(" Scales <k | Scale k
"
\.0\e Q Sample Guide [Compress ::
| 2 Clasdty - Length  [IEEN |
3. Reorder sy TR p

_______________________ —>I(9(n )-3< O(Bn? )I II

- - - - = e = e =

Qi L

T, within budget B !

Reduce overall |

- - — om = = -

1
Structural I J i
: r['{l;;i';a Allocate More budget i ' Full KV Cache Patterfl-Speciﬁc i attention complexity:|
Vi Sensitive to DDG-....II Compression Strategies (T ... SR s
12 compression Length B, ! -
12 : : : Contextual Head Compression Strategy fc Structural Head Compressmn Strategy f Multi-scale|
~ D) T S T P L Vo T e T o .Y B TN, o S " "G
: H ("ﬁ'e";‘ri';"l Allocate 1-¢ss budget |: EPp] DRI BDDX %], Budget aee @ - .. 00D Budget tokens :
| W= Robustio ome RBRE®: XRS5  O08RN-X0-088 5 ||& Ee |
\ Layer/ \compression Length B i\ Select tokens across scales Init scales Other scales _Recent scale oxens 1.,
<Fig 10. HACK framework >
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1) Qin, Ziran, et al. "Head-Aware KV Cache Compression for Efficient Visual Autoregressive Modeling." Proceedings of the AAAI Conference on Artificial Intelligence. 2026.

HACKDY

» Methods

- Offline Head Classification via Attention Variance
- Z|F generation scale2| attention matrixE A& St0| head& AT 27

- Zt headOFC} column-wise variance f= A A

Tk
Oh = Z Var(Aﬁ'h)[ J1)
=

- &2 validation set W 2 £ variance matrix (L x H)E 78
- M X[ headZ variance 7| =2 2 global ranking

- Contextual head ratio 0.2 head type= 278

= Contextual head
v Query”/t HHY O = R ALSH tokenOl &5
v'Low variance

‘= Structural head
v Query 2/ X|0f| [t2} attentionO| O| &

v'High variance

0123456?LUH

<Fig 11. Head classification >
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1) Qin, Ziran, et al. "Head-Aware KV Cache Compression for Efficient Visual Autoregressive Modeling." Proceedings of the AAAI Conference on Artificial Intelligence. 2026.

HACKDY

* Methods

- Asymmetric Head Budget Allocation
- H T per-head budget B £ 3 X|StHA] head type EH 2 HICHAE X © 2 budget = = Hi
B=aB,+(1-a)Bs, Bp << Bg
c o= X head S contextual head 2| H|=
'« Contextual headOf| = Z}-2 budget B, structural head | = & budget B S

- 7(‘|| query CHA N,ps=32 712 queryE sampling © S}0] attention score & A}

A ,(cp) = Softmax (Q ,(cp) (K(p)) )

[ (b) Asymmetric Head Budget Allocation

S
tructural
Heads |Allocate ' 0rebudset

Sensitive to |=——)OO00000

Heads
[
|

o o o o o

1

I

|

1

| compression Length Bg
|

1 ( \

: E Coi_flr:;c(t]asml Allocate L-€ss budget

: ==*| Robust to 000

'\ Layer / |compression Length B

< Fig 12. Head budget >
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1) Qin, Ziran, et al. "Head-Aware KV Cache Compression for Efficient Visual Autoregressive Modeling." Proceedings of the AAAI Conference on Artificial Intelligence. 2026.

HACKDY

* Methods

- Contextual Head Compression Strategy
- Subset attention scores TSt &2 B 71 2| token= Top-K = 1 EH

- MEREl token2| KV cacheZt =X

Nobs
1©) = TopK z A© i1, B,
i=1

i(c\) — K(C)[](C),:]’ V/(E) — V(C)[](C)’:]

S S T T e ——

TG DO DI puige| DB BB BBW iy | e
@D@@. HER-XNX@: B, [:][3[:]..@ @:}. ... B X Evicted

N ————-

! (¢) Pattern-Specific Compression Strategies (Before attention: ",\|
1 1 1"
: : - Scales <k Scale & ::
le = 1
: : Qi Saﬂs Guide | Compress :|
1 1 i
- 1l
| : Lenger 5 (R~
1 pRpeSniE S oV et ool siinisataing
1 { After compression: — !
I i o ISoftmax(Q.RT)V |'
i _
L N e B |
1 . i
1 Attention
1 1y 9% 1
' T, within budget B T, exceeds budget B | (4™ Computation _’I(z(y—) i —O- lfn-)' I
i « within budge . _1jexceeds budget 5 | L Reduce overall I:
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HACKDY

* Methods
= Structural Head Compression Strategy
- EF2= Top-K token selection> St 2 & F&5tE2 28 A
- Scale-aware &3 : initial scale 2| N;,,;, 71 2t 35|EL scale 2| N, 7lf token = &&f EE
- =2 budget M L 2 St scale O|A] SR X7 =2 token A1 EH

M = Bs — Ninis — Ng

Nobs
I = TopK z A, M

i=1
R = Concat(K©[: Njpip, : |, KOS, : ]|, KO [=N,.:,:])
V& = Concat(VO[: Nipjt,: |, VOIS, : ], VO[=N,:,:])

- OFX| 2} generation scaleOf| A B discarded token= nearest retained token 0| merge

ﬂ AW THEE D
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HACKDY

Faster speed and [0ver MEMOrY  m——
Attention | Attention
° Methods Complexity ! Complexity
On")X 1 O(Bn?)
. . KV cache ! KV cach
- Complexity analysis . cache
dom X B
. k=1 |
-Vanilla VAR rnorn rg | |Contextual Q@@  Average head
ar OO0 O -@8B@O i | heads LengthB. budget B
o = O] scale2| KV cacheE 74l heats ) 00 OO0 OO0 ! 8L oS
" E — L Scale—= cache= Tr : \ |Structural 00000000
Length n% + - +ng i | heads Length Bg
-HACK (a) Vanilla VAR models ! (b) VAR models with HACK
s+ B per-head budget B O|SFE KV cache X <Fig 14. Attention complexity >

s+ Attention A| A H| &

K K
Z Ny - min(Ty, B) < B Z a?®=1 ~ 0(Bn?)
k=1 k=1

;- Compression =7} L H || E.:

K K
Z Nobs (B + Nk) = Nobs Z (B + az(k_l)) ~ O(Nobs nz)
k=kg k=kg

A |VDS I
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» Experiments

- Quantitative Results
- Infinity-2B/8B, HART(text-to-image), VAR-d30(class-conditional)Of| A{ & 7}
-70% 2= 0| M = GenEval/HPS/IR/FID/CLIP & X|HO|A Aol =4 g

~-VAR-d30 70% 3 7| FID 2.78 2, LOOK-M(18.88) CiH| Y =M O 2 2=

1)

Qin, Ziran, et al. "Head-Aware KV Cache Compression for Efficient Visual Autoregressive Modeling." Proceedings of the AAAI Conference on Artificial Intelligence. 2026.

Method GenEval + HPSt IRt FID| CLIP}
Infinity-2B 0.68 3049 0946 1034 27.52
+Streaming 0.68 2976 0901 1120 27.54
+H20 0.68 29.60 0910 10.68  27.57
+SnapKV 0.68 29.60 0904 10.60 27.56
+LOOK-M 0.67 2873 0864 1114  27.59
+CAKE 0.68 2946 0906 1059 2756
+MEDA 0.67 2870 0.867 1114  27.59
+HACK 0.68 3018 0933 1056 27.62
Infinity-8B 0.81 3099 1049 875 28.73
+Streaming 0.81 3052 1016 898  29.05
+H20 0.81 3053 1020 9.04  29.02
+SnapKV 0.81 3021 1015 945  29.06
+LOOK-M 0.81 2999 0994 10.84  29.04
+CAKE 0.81 3004 1002 980  29.05
+MEDA 0.79 2957 0954 1156 29.01
+HACK 0.82 3069 1.043 862  29.08
Hart 0.50 2875 0658 1070  27.69
+Streaming 0.48 2557 0458 1116  27.38
+H20 0.48 2569 0475 1113  27.32
+SnapKV 0.47 2562 0469 1133  27.33
+LOOK-M 0.37 2083 0.140 25.64 2585
+CAKE 0.46 2589 0458 12.88 27.21
+MEDA 0.36 2057 0.117 2837 2571
+HACK 0.50 2836 0.658 858 2776

< Table 6. Text-to-image generation >
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Method P FIDJ ISt Precisiont  Recallf
VAR-d30 0% 1.96  302.23 0.81 0.60
+Streaming  30%  2.04  297.09 0.80 0.61
+H20 30% 2,10 295.01 0.81 0.60
+SnapKV 30% 213 294.85 0.81 0.60
+LOOK-M  30% 332 255.36 0.76 0.61
+HACK 30% 197  299.98 0.81 0.61
+Streaming  50% 236 281.30 0.79 0.61
+H20 50%  3.04  262.68 0.77 0.62
+SnapKV 50%  3.09 261.63 0.77 0.62
+LOOK-M  50% 6.89 203.47 0.70 0.62
+HACK 50%  2.06  293.60 0.80 0.61
+Streaming  70%  4.84 22843 0.74 0.62
+H20 70%  8.81 182.84 0.68 0.62
+SnapKV 70% 731  196.62 0.70 0.62
+LOOK-M  70% 18.88 116.70 0.58 0.63
+HACK 70% 298  268.69 0.78 0.62

< Table 7. Class-conditional generation >
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» Experiments

1) Qin, Ziran, et al. "Head-Aware KV Cache Compression for Efficient Visual Autoregressive Modeling." Proceedings of the AAAI Conference on Artificial Intelligence. 2026.

- Compression Ratio & Qualitative Results

PR ssoudta
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0.8 o 0.8 .
| - Full Cache s | Full Cache
-4 4
906 «— H20 \ Yo6{ — H20
E = SpapKV E = SnapKV
~ 0.4{ —— LOOK-M T 0.4 —— LOOK-M
—s— HACK —e— HACK
0.2 0.2
20 40 60 80 20 40 60 80
Compression Ratio (p) (%) Compression Ratio (p) (%)
12 Infinity-28 32 Infinity-8B
30 30 ge-!\::k
~ 28 3 ~ 28
S Full Cache \ A B Full Cache \\
D26 —— H20 A @ 26{ —— H20
T ——s— SnapKV \ ——s—— SnapkKV
24 = LOOK-M 24 ——  LOOK-M
224 = HACK A 221 = HACK

20

40

60

80

Compression Ratio (p) (%)

20

40 60 80

Compression Ratio (p) (%)

< Fig 15. Performance comparison >

+ H20
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+ SnapKV + LOOK-M +HACK + HACK
p=50%

+ HACK
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< Fig 16. Qualitative results >
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HACKDY

» Experiments

- Efficiency Analysis & Ablation Study
- Infinity-8B: memory 60.42GB — 34.44GB (1.75x), latency 8.14s — 5.17s (1.57 x)
~- Compression overhead= T K| latency CHH| 2F 6-8% =&
DS M A2 ST A 1024x 102400 A Z|CH 5.8x speedup (p=90%)

~Uniform query sampling0| 7} =2 ds= &3

Model Random Init Recent  Uniform Full

Infinity-2B 0.927 0923 0927 0.933 0.944
Infinity-8B 1.038 1.028  1.027 1.043 1.045

B Full (GFLOPs: 974.05) 52.4
< Table 8. Query-subset selection > 50| HACK (50%) (GFLOPs: 715.56) .
HACK (70%) (GFLOPs: )
B 40 HACK (90%) (GFLOPs: ) B
Model Memory Com.O Latency Speedup E ‘
0’30
Infinity-2B 28.96GB - 3.85s 1.00x g | 1ax
+HACK (70%) 14.64GB 0.16s 2.61s 1.48x 8204 Al Oy 1B 2R
Infinity-8B 60.42GB = 8.14s 1.00x Lol 8595 R 00
+HACK (70%) 34.44GB 0.44s 5.17s 1.57x
Hart 35.47GB - 2.43s 1.00x Scale (640x640) Scale (768x768) Scale (1024x1024)
+HACK (70%) 23.82GB 0.15s 1.38s 1.76x
< Table 9. Efficiency analysis > < Fig 17. Efficiency analysis >
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Conclusion
* FregkVD

- Key contributions
-KV state2| Of| L4 X| 7} frequency domain®| low-frequency®ll S &2 3
.- Low-frequency: global semantic context
'« High-frequency: local detail, perturbationO| T1Zf
-Token &I K| 10| frequency component?t =0|= DCT 7|8t &= X| ¢t

« HACK?

- Key contributions
- VAR attention headE 7| sH 2 E £

;= Contextual head: vertical pattern, semantic consistency = =

C

;= Structural head: multi-diagonal pattern, spatial coherence = &

-Head type'# &= Tk XtO| & F&g}
- U O 2} cacheE =HISH= Asymmetric Budget Allocation A| €t

= Pattern 2 £ CIE ™ EFZ & -8 95}+= Pattern-Specific Compression = &
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  p  (  r 1 ,   … ,    r K )   =     ∏  k   =   1 K  p  (  r k   |    r 1 ,   … ,    r  k − 1 )


   T k   =     ∑  i   =   1 k   h i  w i ,          h k  w k   =    a  2 ( k − 1 )


  A  ( N )   =   Softmax  (    q N    [  K  0 : N − 1   ⊕    k N ] T   d )   ·    [  V  0 : N − 1   ⊕    v N ]


   Z  0 : N − 1 K   =   DCT  (  K  0 : N − 1 ) ,        Z  0 : N − 1 V   =   DCT  (  V  0 : N − 1 )


   A ~  ( N ,   L )   =   Softmax  (    q N    [    K ~  0 : L − 1   ⊕    k N ] T   d )   ·    [    V ~  0 : L − 1   ⊕    v N ]


     K ~  0 : L − 1  0 : N − 1   =     L N IDCT  (  Z  0 : N − 1 K  [ 0 : L − 1 ] )


   A ~  ( S ,   N ,   L ,   M )   =   Softmax  (    q M    [  K  0 : S − 1   ⊕      K ~  0 : L − 1   ⊕    K  N : M ] T   d )   ·    [  V  0 : S − 1   ⊕      V ~  0 : L − 1   ⊕    V  N : M ]


   n 4


   n 4


  B  n 2


  B  n 2


   𝜎  l , h =   ∑  j = 1   T K  V a r (  A K   ( l , h )  [ : , j ] ) 


   ( L × H )


  B = 𝛼  B C +  ( 1 − 𝛼 )  B S ,        B C < <  B S


   B C


   B S


   N  o b s


    A    k   ( p ) ~ = Softmax  (   Q    k   ( p ) ~    (  K   ( p ) ) T )


   B C


   I   ( C ) = TopK  (   ∑  i = 1   N obs    A    k   ( C ) ~  [ i , : ] ,  B C )


     K   ( C ) ^ =  K   ( C )  [  I   ( C ) , : ] ,        V   ( C ) ^ =  V   ( C )  [  I   ( C ) , : ]


   N  i n i t


   N k


  M


  M =  B S −  N  i n i t −  N K


   I   ( S ) = TopK  (   ∑  i = 1   N obs    A    k   ( S ) ~  [ i , : ] , M )


     K ˆ   ( S ) = Concat  (  K   ( S )  [ :  N  init , : ] ,    K   ( S )  [  I   ( S ) , : ] ,    K   ( S )  [ −  N k : , : ] )


     V ˆ   ( S ) = Concat  (  V   ( S )  [ :  N  init , : ] ,    V   ( S )  [  I   ( S ) , : ] ,    V   ( S )  [ −  N k : , : ] )


    ∑  k = 1 K   N k ⋅  min ⁡   (  T k , B ) ≤ B   ∑  k = 1 K   a  2  ( k − 1 ) ∼ O  ( B  n 2 )


    ∑  k =  k s K   N  o b s  ( B +  N k ) =  N  o b s   ∑  k =  k s K   ( B +  a  2  ( k − 1 ) ) ∼ O  (  N  o b s    n 2 )

