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Let’s Talk About Context

o GEMV + No reuse = Low arithmetic intensity

 Two avenues for solutions

o Higher bandwidth - Hardware constrained
o Higher arithmetic intensity = Algorithmic

Multi-Head
Attention (MHA)

i Memory | i

l K V !

| |
[ [

Per head,
per batch

Throughput

* Problem: Large language models (LLM) using self-attention
need increasingly long contexts

Generic Roofline

Increased
Bandwidth (HW)

Increased
Intensity (SW)

Arithmetic Intensity
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Growing Context and Memory-Boundness

LLMs generate outputs in two stages:
Prefill and Decoding.

During decoding, each token attends to all
past key/value vectors.

As context length increases, KV-cache
capacity and bandwidth demands grow
rapidly.

This makes attention increasingly
memory-bound and dominant in long-
context decoding.
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Opportunities with Contextual
Sparsity

* Precision scaling
o Reading fewer bits for less-critical values

e Selective token access
o Not all tokens from context are useful
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Contextual Sparsity as
Precision Scaling

BitWeaver: Read-Time Truncation in Memory, ICS 2025

Garrett Gagnon*, Srikanth Malla*, Yangwook Kang*, Liu Liu*

*Rensselaer Polytechnic Institute, *Samsung Semiconductor
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Mixed-Precision Attention

* Potential algorithmic solutions to reduce traffic

o Quantization

= Fewer bits = Simple approach, precision-range tradeoff
o Mixed precision

» Prioritize critical values = Higher accuracy, more complex

Quantization Mixed Precision i
Element X—b Achieve greater overall
e~ scaling X = [ l samplel _Sai_m_P'_ez_, reductions
ey} =0 a0 | e 1 <————- 1
:__: g B Q> ________________________ H
] P 1 * Most values lower

1 1
1 1
A ! | I | i precision i
| * Critical values full width |

==y

=1

-——

<=-===1
== =]

Complex, irregular read
oo (] . . . po . === 1 v
=5 f:dnﬂctei,o sr:gnlflcant size = ! R patterns, variability

-—=q | ==~ |t I Q( rmmmmmmmmmmmmmmm——————— 1
S e %i « Memory friendly? i
R Limited dynamic range, . I« Retain all full values? I

i e e . 1 I 1
o) difficult for outliers _|_ *mmoen *mmoen i » Vector blending? :
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Challenges with Multiple Precisions

* Memory is precision-static
o Memory can only provide what has already been written
o Must have the correct precision stored prior to read-time

* Precision-scaling in memory could provide unique benefits

Multiple Copies

Sparsified
high-precision

Single-Copy
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Progressively Sparsify 4,
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Read speed
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Read speed
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Precision Scaling in Memory

Memory

Processor

VVYVVYVYY

_ FP16
R FP8
Vectors
% FP4
Full precision of Only read the

value stored

precision needed

Scale in Memory:
— Maintain original
— Select precision
— Scale during read

Benefits:

— Maintain 1 copy

— Minimal metadata
— More transparent

— Avoid processor use



Dynamic Precision Scaling in Memory

To accelerate LLM self-attention, we present:
1. A hardware-aware in-memory truncation algorithm.
2. A specialized hardware implementation.
3. An accuracy retention mechanism.
4

A detailed analysis of the trade-offs between memory traffic reduction and
accuracy preservation.

In-memory Truncation Algorithm Specialized Hardware Accuracy Retention Mechanism
.__FP16 | Memory y FP8 L
FP4 s Original Padding
FPi6 k—o—  FPi6 |
ISB FP8 £ 0x00 .
FP16 N S~ e o Flexible
—[ s} [ FP16 | EP16 AW
FP4 Model-Tuned
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Effective Truncation in Memory

* Limit: We cannot modify memory architecture

* Solution: We modify how data is stored to enable truncation
1. Split values
2. Distribute across multiple reads
3. Skipping reads = lower precision, less time

1: Splitting Values 2: Distribution 3: Read Skipping
Read 1! 2 | 3
, n[ msevo | isBvo 4 | 4 | 8
// 7 7 N % n+1[ Lssojvo | LsB1jvo
n+2| 1SB|vV1 | MSB|Vi 4 ! 4 !
MSB ISB LSB n+3| LsBojvi | LSB1|V1 :
[15:121 || [11:8] [7:0] 4
DATA DATA
Fragmented Values
Store Separately

19)se
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Memory-aware Data Fragmentation

 To account for memory granularity, must vectorize

o HBM3 Pseudo-Channel: 32 Bits/PC, 8 Reads/Burst = 256 Bit chunks
o Granularity from smallest chunk: 4 Bits = Pack 64 Elements

Vector 0 MSB ISB LSBO LSB1

[15:12] [11:8] [7:0] [7:0]
Split & HBMS3

Pack Row PCO  PCI
n| MsB|VO ISB|VO
Write n+1 LSBO|VO | - LSB1VO

n+2| IsB|v1 | MSB|Vi
|:> n+3| LSBOJV1 | LSB1V1

DATA DATA

64 Elements @ 64 @ 64 @ 32 @ 32 @
INT/FP16 4 Bits 4 Bits 8 Bits 8 Bits
1024 Bits I— 256 Bits Each —I
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Reconstruction Process

e Reconstruction is kept simple

RP|

o No arithmetic
o Fragments concatenated together

Read | Expand
HBM3 j|> i i i
Row PCO PC1 —_—) MSBIVO D D D D
n| msBvo | IsB|vo i ! !
n+1| LsBolvo | LsBivo ! | i
n+2| ISB|V1 | MSB|Vi 3500 |: |: D D
n+3| LsBojvi | LsB1|vi '
— | LSBO|VO
DATA | DATA
— | LSB1VO | |
VO[O] VO[1] VO[2] VO[3]
Each piece read
independently

=)

Combine

vo[o] = vo[]  vo[2]

[PADDING]

VO[3]
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Hardware Integration

* For HBM: Integrate with controller
o On processor =2 high bandwidth post-expansion

= No changes to HBM I/O

" Processor HBM 10
Memory Controller unch.;mged
[
Control
Request R Logic é %
Buffer J!
(Existing) —— == N I
t v :
Request BitWeaver | __| r = —
Translator Controller - =1 Combiner &L
7}
Added BitWeaver Logic. Bypass—
Request Logic

PHY

_l_ HBM

PCO

PC1

Cores

XBar
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Mitigating Truncation Error

* Truncating values adds error

* Observation: Truncation is always reductive to magnitude

o Solution: Pad with nonzero values to reduce the mean error
o A naive choice for 8-bit value might be to use Ox7F

Truncation Error of FP16 = FP8

T Tkeyidea: (5]t V7 M ] o
e R \? \\\\\\
Retained Padding - °
No adjustment W 0x00

Naive adjustment 7 Ox7F

128 256 384 512 640 768 896

Decimal Mantissa Value

= === Baseline Truncation Error Adjusted Error

m Trunc(x) = x & 0xFF00 13



Sensitivity of Adjustment Value

* Per-element vs. model error minimization
o Testing shows Ox7F to be good, but not the best
o Influence of over- & under- estimations
o Potential to identify a model’s best value

MSE for Each Adjustment Term Assuming Uniform Distribution 2 G PT'J

0.030
0.045
0.040 -
0.035
ww
Y 0.030 A
0.025 A

0.020 A

Change in Accuracy
o

0.015 4

0 50 100 120 200 250 0x0 0x40 0x80 OxcO0 Oxff

Adjustment Value

R PI ————— Baseline  —— Winogrande  —— PiQA  —— Hellaswag —=— RTE
L]



RP|

Adjustment Recovers Truncation Error

e Simple truncation can cause

performance degradation

e Per-task searched adjustment

improves performance

e Uniformly applied FP8 truncation
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Contextual Sparsity as Precision Scaling

* Memory bottleneck of accessing contextual data
* In-memory truncation: read what you need from memory

o 3x effective memory bandwidth
o 1.8 cneediin

<:| % % <:> Memory Idea: Make tokens smaller to
LLM get more tokens/read

(HBM)

Low arithmetic intensity Solution: Truncate Limit: Memory cannot modify
Layer - Memory bound data at read time data without rewrite

Need tokens faster
[ Self Attentlon l for higher throughput Only read what is necessary Cache
, B Key:
—1 FP16: 1x values |:|~|:||:| FP16
®| Keys A =
Fetched < 43 FP8: 2x values @ FP8
Keys |o
st | I M FP4
XISTs In memory, .. FP4: 4 |
must be fetched er'tnewr:g tctzksns X vates
every time is accelerate | |

R PI S’\ IVI s U N G BitWeaver: Read-Time Truncation in Memory [ICS'25] 17



Opportunities with Contextual
Sparsity

* Precision scaling
o Reading fewer bits for less-critical values

 Selective token access
o Not all tokens from context are useful
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Contextual Sparsity as Selective
Token Access

STARC: Selective Token Access with Remapping and Clustering for Efficient LLM
Decoding on PIM Systems, ASPLOS 2026

Zehao Fan?, Yunzhen Liu?, Garrett Gagnon?, Zhenyu Liu?, Yayue Hou?,
Hadjer Benmeziane3, Kaoutar El Maghraoui?, Liu Liu?

1Rensselaer Polytechnic Institute, 2University of Massachusetts,
31BM Research — Ruschlikon, 4IBM T. J. Watson Research Center
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e These make PIM a good match for memory-bound
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Why PIM for Long-Context LLM Decoding

Processing-in-memory (PIM)

architecture places simple compute

units near or inside memory.

attention.

High Internal

: Bandwidth

Bank-Parallel
Operations

/Decoder Block

QI(V Generation Multi-Head
Attention

=)

Feed Forward
Networks

~

/

\

Execute on xPU

Execute on PIM

DRAM Array
GEMV Unit

Bank 4

/O

Bank 1

/O

Bank 5

Bank 2

Bank 6

/O

Bank 3

/O

Bank 7

S ——
Global Bus (TSVs)

20



RP|

Sparse Attention: Granularity Matters

« KV Cache Sparsity: A small portion of critical tokens will dominate the

attention outcomes.

Static Sparsity

Hardware-friendly

Low accuracy
Xiao et al. (StreamingLLM ’23)

Dynamic Sparsity
(Page-wise)

Dynamic Sparsity
(Token-wise)

Hardware-friendly

Moderate accuracy
Tang et al. (Quest '24)

Irreqular

High accuracy
Ribar et al. (SparQ ’24)
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Mismatch between Semantic Sparsity and Row-level
Memory Access

Problem: Sparse decoding is promising, but hard to execute efficiently on PIM.

Row1 |0 1 2 3 4 5 &6

Row2 8 9 10 1 |12 |13 14 1

KV Layout in HBM-PIM

RP|

values

! keys [

Activation 1

Activation 2

0 1

9

I

Sparse Token Selection

12

13

14

over-fetching
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Exploit Semantic Similarity

Our ldea: STARC clusters semantically similar KV pairs and remaps them
contiguously. This turns sparse retrieval into PIM-friendly row-level access.

/ wvati 15
Row1 |0 12 3 & |5 6 1 key‘;"’“es Activation 1 | 0 7 117 4 | 9 7112 | 13 | % mmw
Row2 | 8 ' 9 (10 1 12 1 |1 15 Activation 2| |3| B | 6 I:L B | W& 1
KV Layout in HBM-PIM Sparse Token Selection



Is Inefficient on PIM

Sparsity Is

Token-Wise

)

n-wise

Dynamic Sparsity
(Toke

Static Sparsi

PIM rows

STARC

)

-wise

Dynamic Sparsity
(Page

24
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Token-Wise Sparsity is Inefficient on

. PIM executes at row granularity.

. If relevant tokens are scattered,
each row still needs activation.

Token-wise sparsity often
leads to over-fetching, poor
bank utilization and
redundant computation.
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PIM rows

Static Sparsity

i 1 |act
i & 1 |act

_______________________________________________________________

...............

...............

........
lllllllllllllll
........
...............................................................
...............

_______________________________________________________________

| |act

Dynamic Sparsity
(Page-wise)

:"El-act

_______________________________________________________________
...............................................................

| act

...............................................................

_______________________________________________________________

...............
T v ¥

i | act

_______________________________________________________________

...............

PIM

Dynamic Sparsity

(Token-wise)

i |act

L ]act
|| act

...............................................................

] act
i | act

act

7 act

...............................................................

...............

| act

i | |act
i | act

N L L L e __ ... [

...............................................................

I |act

| | act

...............................................................

_______________________________________________________________
...............
_______________________________________________________________

s e e o e o B e e e e e

act

! act
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Page-Wise Sparsity Loses Semantic Relevance

« Page-wise retrieval matches row

RP|

layout.

PIM rows

Dynamic Sparsity

(Token-wise)

Static Sparsity

i Jact

| | act

act

Dynamic Sparsity
(Page-wise)
act
act
[ ] L ] -

T e

_______________________________________________________________

SN SN UV SUN SO SIS SN SN S U S S S—
TR
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. Buf many selected pages contain only

Page-Wise Sparsity Loses Semantic Relevance

Page-wise retrieval matches row
layout.

1-2 important tokens.

Page-wise sparsity’s coarse-
grained selection leads tfo a
degradation in model accuracy.

RP|

Page 246 (3936 to 3951) Page 247 (3952 to 3967)
.~ 0 1 | 'l bl
Page 248 (3968 to 3983) Page 249 (3984 to 3999)
B~ HNN TN DT
Page 250 (4000 to 4015) Page 251 (4016 to 4031)
Page 252 (4032 to 4047) Page 253 (4048 to 4063)
CHET DN 7 VO
Page 254 (4064 to 4079) Page 255 (4080 to 4095)
BN N

Attention heatmap of LLaAMA-3.1-8B
on a 4K-context sequence
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STARC: Remap Semantic Locality into Row Locality

M

A sequence of 16 tokens Sparsity 50% Attention score

Tl le e e [ Lo [ [o[n[alolule] T BT[> e e o[ oo o e R R oo

E Store for PIM Compute attention score
i F{owo‘u‘1‘z‘a‘4|s‘s|7‘ m1‘z‘amemExecution1
1

Dt Rowt [ee [wlw ][ - [ SR B [ Execution 2
i
1
i
1
I
I
1

Challenge

Solution Algorithm
| (Ours)

Cluster1‘o|4[5[7‘9‘1ol12|15‘

Clusters Store for PIM Compute attention score

RowOlﬂMsl?lBIWIuIN\E>

ROW1‘1‘2‘3‘6‘8|11‘13|14‘

Cluster2‘1|2‘3‘5‘8‘11|13|14‘ ‘1|2‘3‘5‘8‘11|13|14‘Executi0n1

Limit: Inability to
skip execution

Row skipping via
clusters

e OO R

o Cluster similar KV pairs
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STARC: Remap Semantic Locality into Row Locality

M

Sparsity 50% Attention score

Challenge

Solution Algorithm
. (Ours)

Cluster1‘o|4[5[7‘9‘1ol12|15‘

Clusters

Cluster2‘1|2‘3‘5‘s‘11|13|14‘

m 0.3 ‘ 0.4 ‘ 0.6 m 0.8 m 0.7 mo.? m 0.4 ‘ 0.3 m

Store for PIM Compute attention score
F{owo‘u‘1‘z‘a‘4|s‘s|7‘ m1‘z‘amemExecution1
Row 1 [ o [ [ w[w[® = [+ ST o] [R Execution2

Store for PIM Compute attention score

Row0 [0 |4 [s[7]o]w]n]n] NIRRT R

R0W1‘1‘2‘3‘5‘5|11‘13|14‘ ‘1|z‘3‘5‘3‘11|13|14‘Executi0n1

Limit: Inability to
skip execution

Row skipping via
clusters

e e e e e e e e e e e e e e o = e . = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = == == ———— == ——

o Cluster similar KV pairs

RP|

o Map each cluster to
contiguous PIM rows

29
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STARC: Remap Semantic Locality into Row Locality

M

_______________________________________________________________________________

Challenge

Solution Algorithm

! (ours) Clusters

E Cluster1‘o|4[5[7‘9‘1ol12|15‘

:

! Cluster2‘1|2‘3‘5‘s‘11|13|14‘ ;:
]

]

Attention score

m 0.3 ‘ 0.4 ‘ 0.6 m 0.8 m 0.7 mo.? m 0.4 ‘ 0.3 m

Store for PIM Compute attention score

3 N ¢ A Execution 1 Limit: Inability to

R0W0‘0‘1‘2‘3‘4|5‘5|7‘E>m1‘2‘
8

rowt ool [a[w[a]w] [ ISRRTm e [ enecuton 2

skip execution

Store for PIM Compute attention score

oo [o [+ [+ [7 [+ [w[w[#]

Row skipping via
clusters

ROW1‘1‘2‘3‘6‘8|11‘13|14‘

- e e e e e e e e e e e e e e e e i = = = = = o o o o o = = = = = = = == ——————————

o Cluster similar KV pairs

O

Map each cluster to
contiguous PIM rows

o

Retrieve clusters instead
of individual tokens

30
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STARC: Remap Semantic Locality into Row Locality

M

Attention score

Challenge

__________________________________ I 1
I

Solution ' Algorithm Clusters :

. (Ours) |i

Cluster1‘o|4[5[7‘9‘1ol12|15‘
Cluster2‘1|2‘3‘a‘s‘11|13|14‘ |_—;_|>

i Hardware

Store for PIM

F{owo‘u‘1‘z‘3‘4|5‘a|7‘

F{ow‘]ls ‘ 9‘10‘11‘12|13[14|15‘

Store for PIM

oo [o [+ [+ [7 [+ [w[w[#]

ROW1‘1‘2‘3‘6‘8|11‘13|14‘

m 0.3 ‘ 0.4 ‘ 0.6 m 0.8 m 0.7 mo.? m 0.4 ‘ 0.3 m

Compute attention score

=

m1‘z‘amemExecution1

Compute attention score

=

‘1|z‘3‘5‘8‘11|13|14‘Execution‘l

Limit: Inability to
skip execution

Row skipping via
clusters

- e e e e e e e e e e e e e e e e e e e e = = = = = e = = = = = = = = o . = = . = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = = ———— == ——

« STARC enables higher important foken density within each activated row.

o PIM-side clustering on KV data
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Incremental Semantic Clustering
o Set N =Access Granularityx K =16 x4 =64

Prefill tokens
values

:

keys

W |INdlOOjUn | B|lW | N|ERL|O

[y
o

=
=

[y
N

=
w

Y
S

1 7 7 [ °FP P 7T T [ |

=
v
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Incremental Semantic Clustering
o After Prefill: block partition (blocksize N) — cluster each block — store clusters contiguously

Prefill tokens

values
keys [ ] [ ]
0 0 1
1 1 H 2 H
2 2 H 3
3 H 3 0
4 | 4| 4 |-
5 5 H . 5 |-
Block Block-wise
6 " |Partitioning| © || Local Clustering 6
7 —:} 7 > m
8 8 8
9 9 9
10+ 10 11
11 11— 14 |
N —
12 12 10 [
13 |- 13 12
14 14 |- 13
RPI B sk 15} 33



Incremental Semantic Clustering

- Retrieval: query ¢ centroids — pick top clusters

Prefill tokens

eys 2] O ]
0| 0l 1 1

1 H 1| 2 H Eis

= 2 H 3 - o

3 H 3 0 0

4 | 4 | 4 | 4

5 [ 5 H : 3 [ : : > [

Block Block-wise Retrieve KV Using

6 " |Partitioning| © || Local Clustering 6 |1 Cluster Centroids | &1

A g | — | SLL SLL

8 |- 8 |- 8 |- Query |8

9 |- 9 [ 9 © 9
10| 10| 114 T
) (1R 14| T

12 12 10 10 (i

13 — 13 12 12

14 14 | 13 13
RPI 15 _ |15 15 - 15



o Decoding: cluster every N new tokens — append clusters

Prefill tokens
)

keys

RP|

o

W NN | B|W ||

=
o

=
=
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[EEY
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[
wu

values

Block

" | Partitioning
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O Il B|lW|N|FL]O

=
o

=
=

=
N

=
w

[
o

=
(2]

Block-wise

| Local Clustering

%

-

Ol oo v hloOolw Nk
|

[
[
[

=
B
|

-
o
|

=
N
|

=
w
|

Retrieve KV Using

| Cluster Centroids

«
|

O]

Query

)

-

Ol oo v hloOolw Nk
|

[
[
[

=
B
|

-
o
|

=
N
|

=
w
|

«
|

Incremental Semantic Clustering

Newly generated
tokens during
decoding

—

16

17

18

19

20

21

22

23

_

Incremental Clustering
Every N Decoding Steps

>_N| >

-

Ol oo v hloOolw Nk
|

[
[
[

=
B
|

-
o
|

=
N
|

=
w
|

16
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«
|
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Evaluation Methodology

« System (Simulation): 8 x NVIDIA H100 cores and 40 x HBM3 stacks (one
GEMV unit per bank)

. Benchmark: LongBench, RULER
« Workload: LongChat-7B, LLaMA-3.1-8B, Mistral-7B, GPT-13B

« Baseline Sparsity Methods: Quest (page-wise), InfiniGen (tfoken-wise), SparQ
(tfoken-wise)

. KV Cache Budget: default 1024

RP|
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LongBench: Diverse Long-Context Downstream Tasks

. LongBench Results:

Single-Document QA Multi-Document QA Summarization Few-Shot Learning Synthetic Code
o 3 & £
KV Budget: 1024 v & g & of & «
S ¢ £ & & &£ & & ¢ v & ¢ 8 T
& g s & 8 g 8 RS F & & 5 & R S
£ S RS & & S 3 § & 3 & g g & ¥
1
LongChat i
Full KV 19.51 2598 43.80 31.94 23.20 11.38 31.77 21.66 2606 66.00 82.00 20.79 2.00 30.00 53.86 48.68 i 33.66
STARC 17.55 29.44 40.92 32.32 19.29 9.73 31.22 22.08 25.01 64.00 80.30 21.82 2.00 32.00 57.16 48.82 i 33.38
1
Spar(Q) 19.56  29.90 40.90 31.05 22.84 12.92 30.98 23.19 26.49 64.00 84.53 25.89 0.00 30.50 3434  55.72 | 34.55
1
InfiniGen 15.41 29.56 41.92 36.20 20.35 8.89 29.36 22.22 2473 64.00 84.38 29.75 2.00 32.00 51.84 51.06 i 33.98
est 14.58 29.23 43.67 28.37 18.62 10.51 29.12 22.29 2491  66.00 79.31 20.88 200 34.00 52.60 49.00 i 32.82
Qu :
i
Mistral i
Full KV 23.94 40.07 57.58 49.10 36.71 22.27 35.66 25.77 26.80  80.00 87.67 47.35 4.00 98.00 38.98 36.36 i 46.89
STARC 19.97 34.93 57.70 51.49 35.48 23.39 35.67 24.72 20.72 76.00 88.87 48.16 2.00 98.00 61.74 55.76 i 46.29
Spar(Q) 29.36 40.93 53.68 51.33 37.36 27.22 34.49 25.67 27.66 74.00 88.36 47.17 5.00 99.00 6043 62.14 i 47.77
1
InfiniGen 23.34 37.73  57.90 51.41 39.45 19.69 35.06 24.89 26.29 76.00 85.67 47.60 2.00 98.00 59.82 59.58 | 46.53
1
Quest 22.79 30.88 22.39 47.12 38.63 18.73 33.45 24.23 27.26 66.00 88.42 44.73 8.18 92.00 60.86 57.52 i 44.57
Llama-3.1 :
1
Full KV 27.02 13.98 28.04 18.30 17.45 13.01 35.83 23.66 2591 74.00 89.77 44.56 3.92 97.50 63.30 55.06 i 39.46
STARC 3173 13.57 28.14 20.40 18.08 11.54 35.26 23.53 25.62 72.00 88.57 44.25 5.67 98.33 64.30 54.42 i 39.71
SparQ 29.53 13.33 26.97 17.64 16.85 10.27 33.95 23.79 26.73 71.00 91.47 44.20 7.12 98.21 64.19 60.44 i 39.76
InfiniGen 28.80 14.15 27.88 24.27 17.79 9.75 34.15 23.31 26.59 70.00 89.81 44.05 4.67 96.00 61.98 59.02 i 39.51
1
Quest 18.66 11.75 22.96 16.90 13.52 5.46 34.22 22.12 25.87 70.00 85.60 42.94 0.80 96.27 58.90 56.08 | 36.38
1
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N o B

More effective than
page-wise (Quest)

Comparable with toke-
level (SparQ /
InfiniGen)

Especially strong on
GQA models like
LLaMA-3.1 and Mistral
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RULER: Ultra-Long-Context Robustness

« RULER Result

@)

O

O

RP|

32K context, KV budget = 1024
Avg. accuracy stays close to Full KV / SparQ, better than InfiniGen and Quest

Shows robustness under ultra-long context

B FullKV  msw STARC W SparQ B InfiniGen ~ WM Quest

1.00 A
0.95 A
0.90 A
0.85 A1

0.80 -
Niahl Niah2 Niah3 MValue MQuery MKeyl MKey2

1.0 A

0.8 1

0.6 1

0.4 1

0.2 1

0.0 -

MKey3 VT CWE FWE QA1 QA2 Avg.
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Important-Token Recall & Language Modeling
Recall Rate: Recall of top-attended tokens from full attention = This explains why
accuracy holds
Perplexity on PG-19 dataset evaluates long-context language modeling quality

m STARC remains very close to strong baselines

—— STARC SparQ —— InfiniGen Quest —— Full KV
—a— STARC SparQ —— |InfiniGen Quest 13
Zoomed-In View
7.0
‘ 12
o HotpotQA o NarrativeQA
. ' 11 X T R TR
0.8 1 0.8
] 3 210
e 06 @ 061 o 6.6 .
= = W a 30000 31000 32000
O 0.4 S 0.41 g 9
[ ] ]
o o
0.2 0.2 8
0.0 = T ' T 0.0 T T 71
PR o \’&u ,19“% R \6‘? ,Lo“%
KV Cache Budget KV Cache Budget 6

0 5000 10000 15000 20000 25000 30000
Input Length
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STARC Converts Sparsity into Latency and Energy Gains

o For Attention Layer:

71 Up to 78% latency reduction vs.
token-wise sparsity

@ Up to 65% energy reduction vs.
token-wise sparsity

RP|
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STARC Converts Sparsity into Latency and Energy Gains

o For A-I--I-en-l-ion quer: [ ATTN 3 FC 1 cCOMM I ETC CLUSTER
LLAMA-7B LLAMA-7B
Too i Too 0.001 T 0.001
77 Up to 78% latency reduction vs. Ty T v e v oo 0.0008
token-wise Spd rSI’ry _H ' 0.0006 0.0006
-0.0004 r0.0004
@ Up to 65% energy reduction vs. 00002 s 000m
token-wise sparsity Lo Lo
o For End-to-End Decoding: S R o g
5 0.0008 % £ o.oooa.E
77 13%—21% faster execution vs. 00006 § -0.0006 §
. . u o N O
token-wise sparsity 3 o000tg 00004
E —o.ooozé S —o.oooz't'é
@ 11%—-18% lower energy vs. g PR PR
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STARC Converts Sparsity into Latency and Energy Gains

o For Attention Layer:

71 Up to 78% latency reduction vs.
token-wise sparsity

@ Up to 65% energy reduction vs.
token-wise sparsity

o For End-to-End Decoding:

77 13%—21% faster execution vs.
token-wise sparsity

@ 11%-18% lower energy vs.
token-wise sparsity

o STARC s close to the idealized no-
overfetch page-wise upper bound
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STARC Converts Sparsity into Latency and Energy Gains

(TTmT T mm———
[N ATTN 3 FC [ cOMM [ ETC ! CLUSTERE

o For Aftention Layer: S oot

LLAMA-7B
0.001

1.00

1.00

77 Up to 78% latency reduction vs. 0.0008
token-wise sparsity = e W oo
() Up to 65% energy reduction vs. 1 0§ R
token-wise sparsity i 1 [
GPT-13B -
o For End-to-End Decoding: P v g
0.0008 §

0.67 067 1

o
061 0.60 [ 0.0006

77 13%—21% faster execution vs.
token-wise sparsity

Normalized Energy

__________

.........

Normalized Execution Time

@ 11%-18% lower energy vs.
token-wise sparsity

MISTRAL-7B

1.00 ! 1.00 1 1.00

o STARC s close to the idealized no-
overfetch page-wise upper bound

o Clustering overhead ~ 0.02%
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STARC: Selective Token Access with Remapping and
Clustering for Efficient LLM Decoding on PIM Systems

Problem: Our Work:

— PIM executes attention at row — A clustering-based KV data
granularity, while dynamic sparsity mapping scheme for PIM-based
selects scattered tokens. LLM decoding.

— Group semantically similar KV

— This mismatch limits the practical pairs and store them contiguously.

benefit of sparse decoding on PIM. — Enable efficient sparse attention
on PIM with strong accuracy and
low overhead.

Solution ' Algorithm
i (Ours)
: CLuster’l‘ﬁﬁ[s[?lslw

—, Row skipping via
clusters

Clusters E: Store for PIM
12]15| :: ﬁgwo‘ﬁ‘a,[s[?lslwluhs
13|14| :I;: Row1‘1‘2‘a‘als|11|1a|14

_______________________________________________________________________________________________________________________

CLuster2‘1‘z‘a‘a|s|11
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Concluding Remarks

* From compute-centric to memory-centric
* Increasing need to manage contextual data

e Contextual sparsity:

o Precision-scaling & selective token access
o Memory architectural support

o Model adaptation

* A new avenue for scaling LLM decoding
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Reconstruction Hardware

* Desighed a low-complexity combiner unit
o Unpacks received data
o Uses minimal logic
o Operates in 1-2 stages, depending on the precision

A 4

Split
P PCO i
Ao > reoeeemoee | EXTEND | .
VO [15:0] MSB|VO v ez ST Filter
PO 1J Pl Mixer4>8 | STEND
o[ wmssvo ¥ VO [15:8] 8>16 | Filter
o[ 1sB|v0 PC1 S~ Register
" FIFO . VALTL AT
I S Vs y
> LSBO|VO ISB|VO 7
» LSB1|VO o > | Mixer 8->16 L vonso) | >
L~

A 4
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Synthesis & I/O Simulation

* Synthesized the unit at 45nm

o Power assuming highest
switching activity on all inputs

o Low area & power despite
large feature size

e Confirmed I/O performance
on DRAMSIm3
o Consistent power draw
o Consistent bandwidth

Parameter Value Unit
Area 20950 | pm?
Dynamic Power | 4.48 | mw
Leakage 63.29 | pw
Synthesis Results
Power (mW) Bandwidth (GB/s)
# Vals FPle  FPS8 FP4 | FP16 FP8 [FP4
16k 4543 4542 4559 | 298 29.6 29.5
8k 454.3 454.0 4428 | 29.7 29.6 295
4k 454.0 440.8 4424 | 296 296 295
2k 441.0 4404 4420 | 297 296 295
DRAMSiIm3 Results
48



Model-Level Speedup

e Simulated the model speedup from higher bandwidth

o0 A100 running LLaMa 3 8B
= 2 evaluated bandwidths: 2x & 2.9x

o High quantities of generated tokens benefit most from increased bandwidth

Self-Attention Bandwidth vs. Model-Level Speedup

2.0
1.9
1.8 _/_-———-"'-_
1.7 A
1.6 -

= 1.5 1 ——

v 1.4+

2 1.3 4
1.2
1.1
10 = e e e e e
0.9 4 =—=-- Baseline — 2x Bandwidth — 2.9x Bandwidth

0.8

0 2048 4096 6144 8192 10240 12288 14336
# of Generated Tokens
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STARC Performs KV Clustering Directly in

BM-PIM

How? Why low overhead?

« Map cosine K-means to existing PIM

« Reuses existing near-bank

commands: compute primitives

o Normalization: MAC_AB + MVSB + VNORM « No new hardware structures or
additional area overhead

o Assignment: WRGB + MAC_AB + MVSB

- Update: MVGB + MAC_AB + WRGB

MAC_AB dot product / accumulation
MVSB move scores/norms to softmax buffer
VNORM (added) computes 1/\/W for cosine similarity
WRGB write vectors / centroids
MVGB broadcast vectors
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PIM-Aware Hardware/Algorithm Co-Design

1KB

KV Cache

o Access Granularity: One row activation accesses 16
K/V vectors.

o Peak compute / internal bandwidth defines the
"""""" memory-bound—-to—compute-bound transition point:
s [*= 4 FLOPs/Byte

eramaran ......“I 6 Values

2B3rows {:
2 Channels
.. 213r0ws-{3
/ PCHO; ';' ¥ pCHO /" Rank0 Rank1 :'J Bank0
\
pCH1 )/ YpCHT !
I BGO | BG1 BGO | BG1 "
)
I
\ BG2 | BG3 BG2 | BG3 :
\\ _ )
- Bank1
Bank0
S 2 GEMV Units
! Bank1
' HBM Stack —
: N 2 GEMV Units
! ~ Bank3 Bank2
[ PHY 1 | Accumulator | \
TSVs *
| Accumulators | | Softmax Units ] .
Ay
Buffer Die )
Bank3
)
[AttAcc, ASPLOS’ 24]

RP|
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PIM-Aware Hardware/Algorithm Co-Design

1KB

KV Cache
2 Channels 2{ - o Access Granularity: One row activation accesses 16
2{ K/V vectors.
/PCH?WPCHO /" Rank0 Rank1 ; Bank0
CH1 YpCH1 . . . .
- — > Peak compute / internal bandwidth defines the
R o oy [ oy oy | N memory-bound—-to—compute-bound transition point:
‘ a S s [*= 4 FLOPs/Byte
Bank0 <
R HEHE RN 2 GEMV Units sresereenen 16 Values
HBM Stack o =
! N . 2 GEMV Units . .
; —1 ] T\ « On the algorithm side:
[ Fesumuion ] [ ot ] . L K-means arithmetic intensity satisfies Al ~ K
Buffer Die k for N S>> K.
Bank3
[AttAcc, ASPLOS’ 24] Therefore, choose K = /* = 4 to balance

RP|

compute and memory bandwidth utilization.
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STARC: Selective Token Access with Remapping and
Clustering for Efficient LLM Decoding on PIM Systems

Problem: Our Work:

— PIM executes attention at row — A clustering-based KV data
granularity, while dynamic sparsity mapping scheme for PIM-based
selects scattered tokens. LLM decoding.

— Group semantically similar KV

— This mismatch limits the practical pairs and store them contiguously.

benefit of sparse decoding on PIM. — Enable efficient sparse attention
on PIM with strong accuracy and
low overhead.

Solution ' Algorithm
i (Ours)
: CLuster’l‘ﬁﬁ[s[?lslw

—, Row skipping via
clusters

Clusters E: Store for PIM
12]15| :: ﬁgwo‘ﬁ‘a,[s[?lslwluhs
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STARC Performs KV Clustering Directly in HBM-PIM

Operation Command Count MAC Read Bytes Write Bytes
Normalization (per vector)
MAC_AB(self-dot) i D DS —
MVSB(norm) 1 0 — S
VNORM(vector/+/-) Tn D DS —
Total / vector — 2D 2DS S
Assignment (per iteration)
WRGB(samples) N 0 — NDS
MAC_AB NTp x Tx NKD s:::‘i‘::ls f"‘;f;; —
MVSB(scores) NTx 0 — NKS
Host(argmax) — — NKS only labels
Total / iteration — NKD (ND+ KD + NK)S | NDS + NKS
Update (per iteration)
MVGB(broadcast v;) N 0 NDS —
&iﬁﬁﬁaﬁnn & averaging) NTp (ND +KD)/2 - B
WRGB(new i) 1 0 — KDS
Total / iteration — (ND+KD)/2 NDS KDS
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Table 4. LongBench results for STARC and baseline sparsity methods (KV cache budget: 256 tokens).

LongBench Results

Single-Document QA Multi-Document QA Summarization Few-Shot Learning Synthetic Code
o o & &
g & 5 & & &£ & & & o §F & s .
£ g & 8 & <l 9 o & & & o & & ¢ & 00X
< S S > = <} S B &K 5 g g N 4
KV Budget: 256
LongChat
Full KV 19.51 2598 43.80 31.94 23.20 11.38 31.77 2166 26.06  66.00 g2.00  20.79 2.00 30.00 53.86 48.68 33.66
STARC 18.82 28.35 34.79 34.41 18.64 8.10 30.50 21.74 24.64 62.00 81.01 24.17 2.00 32.00 55.56  45.00 3261
SparQ 19.87  30.77 40.71 31.70 20.93 12.89 30,93  22.80 26.38 64.00 85.17 31.37 0.50  31.50 55.63 55.58 35.05
InfiniGen 13.68 27.47 36.05 27.86 20.41 1.75 26.27 20.49 24.97 62.00 717.22 32.47 2.00 18.00 52,70 50.28  31.23
Quest 10.49 26.47 34.90 20.04 24.23 12.53 21.59 20.48 25.29 56.00 63.80 22.62 2.00 28.00 47.86  38.58 2843
Mistral
Full KV 23.94  40.07 57.58 49.10 36.71 22.27 35.66  25.77 26.80  80.00 87.67  47.35 400 98.00 5898 5636 46.89
STARC 20.19 35.71 36.50 44.43 45.85 20.32 34.06 24.06 26.54 68.00 87.11 48.97 6.00 88.00 6194  57.60 4533
SparQ) 27.12 40.87 53.54 49.32 39.51 23.97 35.31 25.14 27.48 73.00 88.78 47.28 450  99.50 61.56 63.15 4753
InfiniGen 19.52 37.95 54.54 42.28 38.98 10.34 31.14 22.82 27.21 74.00 83.45 47.70 4.00  90.00 61.70 5234 4362
Quest 16.81 3088  36.99 35.62 27.66 10.12 20.18  21.11 26.04  66.00 7839 37.84 489 8350 5722 4398 37.89
Llama-3.1
Full KV 27.02 13.98 28.04 18.30 17.45 13.01 35.83 23.66 2591  74.00 89.77 44.56 382 97.50 6330  55.06 3946
STARC 30.84 1291 26.42 21.88 18.34 13.48 34.96 22.18 25.46 66.00 86.71 44.94 12.00 04.33 65.52  57.32 3958
SparQ 20.70 12.35 26.97 17.69 15.31 11.40 33.89 23.38 27.00 70.00 92.19 44,58 6.90  97.50 6455 60.79  30.64
InfiniGen 21.86  16.33  29.63 21.47 17.76 3.36 32.38 2270 25.50 68.00 86.40 44,58 7.25 96.00 67.36 5538 3864
Quest 8.68 9.90 18.18 12.19 0.48 3.02 25.33 18.36 23.50 44.00 73.23 31.53 3.55 83.00 51.90  46.52 2890
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LongBench Results

Table 5. LongBench results for STARC and baseline sparsity methods (KV cache budget: 512 and 2048 tokens).

Single-Document QA Multi-Document QA Summarization Few-Shot Learning Synthetic Code
o ] & &
g & & & F§ & & £ & o & & 3 R
3 A A & S S & & s O A
= o <& N < < o < &K > ] g 5 @ 3
KV Budget: 512
LongChat
Full KV 19.51 2395  43.80 31.94 23.20 11.38 31.77 21.66 20,06 66.00 52.00 20.79 2.00 30.00 33.86 48.68 33.60
STARC 17.59  29.86 39.44 33.92 18.70 10.21 30.46 20.49 25.11 64.00 79.81 22.48 2.00 30,00 57.60 48.38  33.13
SparQ 19.20 29.18 40.81 32.27 22.30 13.43 30.81 22.81 26.29 64.50 84.70 29.05 0.00 30.00 35.11 353.70 3476
InfiniGen 16.37 25.537 38.10 28.48 18.13 13.52 28.71 21.10 22.06 64.00 79.03 31.93 0.00 28.00 22.60 342 3274
Quest 13.39 28.08 40.90 25.34 24.59 1.59 27.82 21.48 23.39  66.00 76.67 21.94 0.00 36.00 33.36 45.08  32.10
Mistral
Full KV 23.94 40.07 37.58 49.10 36.71 22.27 35.66 25.77 260.80  80.00 87.67 47.35 4.00 98.00 38.98 J6.36 46.89
STARC 21.49 37.26  38.73 47.18 40.15 23.68 34.32 23.66 26.64 74.00 87.67 45.38 4.00 94.00 62.18 38.90  46.39
SparQ) 29.00  40.09 33.70 30.43 37.73 26.49 34.23 23.08 27.50 74.00 89.07 47.35 2.00 99.50 60.72  62.07 47.66
InfiniGen 22.76 36.82 38.67 49.17 3l.64 15.34 33.80 23.837 26.31 78.00 83.67 49.67 2.00 96.00 62.88 58.04  45.55
Quest 18.39 33.14 435.93 41.79 33.04 18.21 32.57 22.77 260.45 64.00 84.50 41.63 6.20 92.67 29.92 49.54  42.00
Llama-3.1
Full KV 27.02 13.98 28.04 18.30 17.45 13.01 35.83 23.66 23.91 74.00 89.77 44.56 3.92 97.50 63.30 35.06 3946
STARC 31.78 13.06  28.77 18.49 18.58 14.24 34.33 22.65 25.80 70.00 88.57 44.26 4.67 95.83 63.56 60.08  39.67
SparQ 30.30 13.30 26.19 17.90 16.12 10.43 34.11 23.83 27.17 70.50 91.97 43.80 8.29 98.08 6443 61.34 3986
InfiniGen 2336 16.90 27.18 22.17 18.30 8.76 33.69 22.79 23.83 66.00 §9.90 45.10 6.67 98.07 6646 30.72  38.87
Quest 13.57 10.77 21.82 12.42 13.25 5.93 29.48 22.05 26.63 60.00 78.87 37.44 2.54 50.52 61.18 33.94  33.90
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LongBench Results

KV Budget: 2048

LongChat
Full KV 19.51 25.98 43.80 31.94 23.20 11.38 31.77 21.66 26.06 66.00 82.00 20.79 2.00 30.00 33.86 45.68 33.06
STARC 17.70 28.27 41.15 33.75 23.28 11.21 30.97 23.13 26.50 63.00 81.53 20.80 1.00 31.00 34.15 50.92 33.65
SparQ 20.01 28.48 42.21 31.02 23.53 12.68 31.06 23.07 26.69 65.00 84.41 24.61 0.00 30.00 32.86 55.69 34.46
InfiniGen 13.76 30.35 40.52 31.51 20.05 9.00 29.82 2213 26.00 62.00 81.78 23.94 0.00 36.00 537.62 30.38 33.70
Quest 149593 31.48 45.33 31.60 19.70 12.93 30.83 22.07 25.61 62.00 81.33 20.35 2.00 30.00 35.68 49.92 33.49
Mistral
Full KV 2394 40.07 57.58 49.10 36.71 22.27 35.66 25.77 26.80 80.00 87.67 47.35 4.00 08.00 58.98 56.36 46.89
STARC 28.71 43.73 34.06 48.62 37.87 23.36 34.82 2373 27.87 72.00 83.76 47.87 9.00 100.00 39.64 37.91 47.31
SparQ) 29.58 40.23 33.37 21.01 37.94 27.22 34.45 23.68 27.76 74.50 89.06 47.01 3.00 99.00 59.76 62.04 47.73
InfiniGen 25.34 3930 59.51 50.20 41.79 15.54 34.83 24.68 26.85 78.00 87.67 47.38 2.00 96.00 38.96 3946 46.91
Quest 2348 40.55 58.73 45.94 37.63 25.41 32.79 24.07 27.28 70.00 88.33 47.07 6.00 08.00 57.86 60.54 46.67
Llama-3.1
Full KV 27.02 13.98 28.04 18.30 17.45 13.01 35.83 23.66 23.91 74.00 89.77 44 .56 3.92 97.50 63.30 33.06 39.46
STARC 30.61 13.88 27.94 20.85 19.62 11.53 34.56 22.75 26.30 72.00 88.57 45.54 292 99.00 62.60 53354 3904
SparQ 29.76 13.06 26.61 17.30 16.85 11.26 34.02 23.50 26.69 71.00 01.48 43.82 6.37 08.01 63.38 59.78 39.56
InfiniGen 27.98 13.33 32.01 19.49 18.79 12.86 3545 23.10 26.66 72.00 89.51 44.63 7.00 96.67 61.12 33.74 39.79
Quest 24.41 13.54 23.39 15.97 15.59 10.59 35.03 23.33 23.58 74.00 92.60 45.23 3.18 97.50 39.44 36.52 38.01
RPI 58
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