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LLM: Context Window Revolution

Evolution of LLM Context Window Sizes (2018-2025)

10,000,000 Daveloper
@  Anthropic
@ Google
@ Meta Al
@  OpenAl
__ 1,000.000
]
=
]
S
=]
]
.
”; 100,000
o
2
A=
_g_ GPT-2.5
=
g
c
5 10,000
&
GPT-3
GRE1-2
1,000
oe O
P P B My
2 B

Al Hardware and Algorithm Lab

e ———

Release Date

Llama i |Bcuut:|

First 10M+ Confext Window

Gamini 1.5 Pro 2M

Gemini i.5 Flazh

First 1M+ Context Window

Sy i

GPTi-32K

e O
@0 O
© O

&

rbp'\ p‘*\
s I

>

https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows

HANYANG UNIVERSITY

3


https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows
https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows
https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows
https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows
https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows
https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows
https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows
https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows
https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows
https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows
https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows
https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows
https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows
https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows
https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows

LLM Applications with Context Window Revolution

Multi-turn
Conversation

I’'m feeling unmotivated for work
and everything.

I’'m sorry to hear that! Would you
like to share if there is anything
particular happening recently?

My paper got rejected from a
conference... but | really put a lot of
time and efforts in it.

I’m really sorry to hear that your
paper got rejected, but it could also
be a chance for you to polish your
paper and make a bigger deal so
that it can shine in a resubmission to
the next conference!

Thanks a lot! | feel much better
now!
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e please summarize the key contributions of this techincal paper.

Key Contributions Summary

N
g-Near

This paper presents a CXL: bled Pr M y (PNM) ure for
efficient IM-token Large Language Model (LLM]) inference, addressing critical memory

and compute bottlenecks in long-context scenarios.

Main Contributions:

1. CXL-PNM Architecture for KV-Cache Management

Offloads token block selection and attention computation directly to PNM accelerators

within CXL memory modules

Eliminates costly GPU recall operations that plague traditional dynamic selection
frameworks

Stores full KV-cache in CXL memory, relieving GPU memory pressure and enabling
larger batch sizes

2. Hybrid Parallelization Strategy
Data Parallelism (DP) for PNM: Avoids expensive cross-device reductions by having
each PNM independently process different batches

« Tensor Parallelism (TP) for GPU: Maintains efficient fully-connected (FC) layer
computation

Achieves context-length-independent communication overhead between GPU and
PNM

i)

Steady-Token Selection Mechanism (PnG-KV)
Novel GPU-PNM hybrid execution model that balances workload between devices

Identifies tokens with persistent relevance and retains them on GPU

Maintains large batch sizes (B = t tokens vs. B_y x T_budget) while minimizing recall
overhead

Enables efficient utilization of idle GPU re: . :es during PNM attention processing
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Long Context LLM Inference

e LLM inference’s

— 1) attention A4t

challenge

| 2% % = 0(N?), N: token length
— 2) Key/Value cache (KV-cache)E& §X|dliof &

— Context length7} S0{ &0 2}, KV-cache | 22| AFEEO| MEXO 2 7t (model size 17)
— 0|0 2} batch sizeZt Z0FX GPU utilizationO] @ O{X| 11, GPU capacityE HO{A| 7| = &
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Sparse Attention for Overcoming Long Context Inference

. . . . .
Sparse attention using token sparsity I R e ———————
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« KV-cache management LongChat-7b-v1.5-32K on LongBench

— 1) KV-Cache Compression
— AtHO| OJ2] attention scoreE 0| F5I0 523 KVEF ZH7 D El KV-cache AIO|= §X[SH= EHAl (GPU only)
EZOI KVE 7|0 &= H MAHSIY, A2t E0| 2 W HotE n2{dt= O|of| A7 EXY

— 2) KV-Cache Offloading & Dynamic Selection

- KVE {8 QF HE2E &850 MEct &, =2 o0 F2[0f 2t attention score’t =2 A= MEISIO GPUO|A
Xz|sts &HA (GPU + External memory (CPU))
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KV-Cache Offloading & Dynamic Selection

« Comparison with previous KV-cache management works

KV Cache Tokens

r_"J"_W ]
*_Generated X+ Evict ¥ Evict X: Evict
o Token O: Recall
o X X X
c X X X
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§ X X X
O X X O XX
\4
(a) Keep all tokens (b) Keep recent tokens (c) Keep important tokens  (d) Keep & Recall important tokens

— (a): (Original) Full Attention
— (b), (c): 2Z 3% KVE KV-cacheO|N| FFAXHOZ H|A
— Context length?t F25AH 18 E KV-cache AO|= FX|

—

— (d): KV-cache= &% 2| external memory0f| E& — GPU 22| ez n™{E KvEt FX|
— Inference IO Of & F2/of a2t KVE MM O Z ALE
— GPU M 22| 422 recall/eviction & _
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KV-Cache Offloading & Dynamic Selection Mechanism

* Native Sparse Attention [arXiv'25] (Deepseek)
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Native Sparse Attention Mechanism

Compressed Attention Mask |

Selected Attention Mask :

Sliding Attention Mask |
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KV-Cache Offloading & Dynamic Selection Limitation

 GPU-CPU bandwidth bottleneck

— (NVIDIA A100 GPU) HBMZ2e (internal memory BW) vs. PCle Gen4 (external memory BW)
— HBMZ2e bandwidth: 2 TB/s
— PCle Gen4 bandwidth: 64 GB/s

e Recall overhead
— Context length?t =0 H0|| et recalle FLESHA =0{L, 22| ME Hxda Aot

14

12

10

Avg. Recall Count per Layer

B4K 128K 192K 256K 320K
Token Length



Heterogeneous System for Long Context LLM Inference

* GPU+CXL-PNM system

Input Token Sequence

operations/byte (log scale)

Embedding
e _ o N | & Encoding 1 104
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QKV Mapping Embedding f |
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CXL-PNM Platform

« CXL-PNM: offloaded attention
— GEMV: QKT, SV

— Summarization: k™% = max(K[n]), k™" = min(K[n])
l l

— K € RVNX32Xdn N:number of pages, dy: hidden size

— Estimation: R[n] = Y

= Lj=o

— Ranking: R’ = Sort(R)
— Selection: Select(R'[: Top-K]

o At
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GPU+CXL-Mem (KV-Caching) vs. GPU+CXL-PNM

« GPU+CXL-Memory (like GPU+CPU offloading)
— k& KV-cache 2EZZ & > KV-cache recallZ QI$t 22| M& HEHHA
« GPU+CXL-PNM
— KV-cache % KV-cache management (QKT, sV Z3h) LI Z & > Context length@t F2SHA QKV/0 HIEH D M&

Total latency of computation for 4 batches

bsz=2| Top-K page selection (T) ,Softmax (S) .
/ .
GPU-onl GPU|QKV _oKk'T [ sV Jolakv _ak*T [| sv_ [0 _ Low Batch Size
y . CXL-Link \ + KV | — Top-K page recall KV ' time . .
KV-Cache Offloading cxi-Mem [T kv i KV — Low Utilization
Estimation (E) '

GPU-PNM High Batch Size
Attention Offloading High Utilization

GPU+CXL-Mem/PNM Timeline
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Parallelism for Multi-GPU/CXL-PNM System

* Parallelism
— GPU: FC S22 @I58l tensor parallelism (TP)Z2 &3} & &EHE FX|
— PNM: attention ®4t0{= data parallelism (DP)& &850 TPOA E 2%t &= & reduction H|&Z I[&

(a) GPU (TP) to CXL-PNM (TP) after Q/K/V Gen.
Head-wise Score

Q/\P/(V/:i 'quoj- I Final Score
Input——_ JFegm_ - QKN ol v Top-K Sel. &
(ei) I x 1 = ho PO @ —>» Attention with
B0 H : ho i [Bo hO0 KV-cache
i
. — = : I Top-K Sel. &
G1 iy X o= | g = _'} h1 P1 @ —> Attention with
[BO_H : h1 : [0 H h1 KV-cache
o wle=— v Q/KIV \ _parallelism L —__T, Scor_e
Tensor parallelism Only Q vector reduction
b - .
(b) GPU (TP) to CXL P.NM (DP) after Q/K/V Gen 5 DigestT
Ql\}fv/:i ':toj' b2 - K Score
Input ot KNV b0 CROTRLY ' Top-K Sel. &
GO I'fl—' X & : :IE} ho PO | b0 : @ —» Attention with «——Don’t need reduction for QKAT ——>
5 : o b0,b2,... KV-cache B CXL-Link h: Head
— — : 163 - - Top-K Sel. & : GPU (G b: Batch
G1 @ X =@} h P1 'b1m'l : Bt —H —» Attention with : CXL-IE’N)M (P)
; h1 Data b1 I b1,b3,... KV-cache '
, EEEEE v parallelism - |
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Hybrid Execution for Attention

- GPUS| 75 A= &8
— Challenge: GPUO|AM attention H4FS X E|SH7] ISHA, recall2 Qlot 22| F& @B E (GPU-CPU PCle) Zd
— Solution: A[ZHO| X|LIE X|EX o2 AH G0 =2 EES 48510 GPU 222 EE

Algorithm 1 KV-Cache Replacement ArkVale vs Steady Select

Input: [ - page importance scores
Notation: P - on-GPU KV-cache
r — recall KV-cache
e — evict KV-cache
1: 1) Score Ranking;:
22 S « Sort|(I)
3: 2) Page Select:

7: » Steady-Select: > Tsteady X B<|P|
8: e < P — S[: Tpudget] > evict: not in budget set
9: r < (S[: Tgudget] — P)[: |e]] » recall: |e| top pages not in P
10: 3) Evict & Recall Pages:

11:  Ple] « r > overwrite evicted slots with recalled pages
12: return P




GPU+CXL-PNM System Performance

* Evaluation settings

Baseline: GPU+CXL-Memory Expander
PNM-KV: GPU+CXL-PNM
PnG-KV: PNM-KV (+hybrid execution)
GPU: A100 GPU

— Compute: (FP16) 312 TFLOPS

— Memory: (capacity) 80 GB, (bandwidth) 2 TB/s
CXL-PNM: Samsung LPDDR-based CXL-PNM

— Compute: (FP16) 8 TFLOPS
— Memory: (capacity) 512 GB, (bandwidth) 1.1 TB/s

Model: Llama3.1-8B
Context length: 128K, 256K, 512K, 1M

Length:

128K

1.5K

1.0K

0.5K

Throughput (Tokens/sec)

Baseline

B PNM-KV
B PnG-KV

Length: 256K

Length: 512K

Length: 1M

1.0K

0.5K

0.5K

0.4K

0.2K

0.0K

Throughput comparison — 128K (1GPU), 256K (2GPUs),
512K (4GPUs), 1M (8GPUs)

Length:

128K

10K

1K

0.1K

0.01K

Energy per Token Gen. (mJ)

©

N

Q\)

Baseline
B PNM-KV
B PnG-KV

S & &
S @

e

Length: 256K

10K

1K

0.1K

0.01K

Q
q’O

N

S
Throughput comparison — 128K (1GPU), 256K (2GPUs),
512K (4GPUs), 1M (8GPUs)

Length: 512K KLength: ™
1K 1K
0.1K 0.1K
0.01K 0.01K
& O
L7 N 7
b.o xb? xQ:‘:-‘, ibo x‘bQ
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Total Cost Efficiency

« GPU scaling vs. PNM scaling

2.5

Baseline (N x GPUs)
2 B PNM-KV (1 x GPUs + N x PNMs)
Bl PnG-KV (1 x GPUs + N x PNMs)

1.5

1

M Tokens/$

0.5

1GPU +1PNM 2GPU +2PNM 4 GPU +4PNM 8 GPU +8PNM

Comparison of total-cost efficiency between GPU scaling
and CXL-PNM scaling for Llama3.1-8B, 128K

« GPU scaling

— GPU =7} 1700 M 872 7t
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* PNM scaling
- 1712 GPUE

‘IC')I'
PNM-KV & PnG-
R

|SFHA P
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Summary
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