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Fast SRAM + Massive Scale

= Fastest LLM Serving Platform
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Average request latency over one-month period (Sep 26 - Oct 26, 2025).

On Groq using LPUv1 versus next two fastest providers for each model.
Data from OpenRouter (https://openrouter.ai/).
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Background
Motivation: LLMs in SRAM ,
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Scale-Up Topology

Agenda
Memory Capacity Management

Dynamic and Balanced Pipeline
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LLM Serving

Not all tokens have same compute and memory needs 10-min Moving Avg Prefill:Decode Token Ratio Over 7-day Window
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Model A (non-reasoning) = Model B (reasoning)

Prefill vs. decode, context position

[—
N
|
|

Systems must dynamically adjust to maintain throughput & latency

)

Negative interaction from concurrent prefill/decode and contexts

Prefill:Decode Token Ratio
-

Decode tokens add KV-cache load, increasing latency, hurting TTF ]

-

| | | | Time (7-day window)
Long prompt requests increase iteration latency and drive up TPOT

_ _ _ _ Total Context Length Histogram from 30 days of Production Traffic
Continuous batching! and prefill chunking? help

Reasoning MoE Model Non-Reasoning Dense Model
But still suffer from sub-optimal utilization with fluctuating P:D e — Production |~ | — Production
ratio and context lengths R 125 - >ample - >ample
I‘_403 10.0 - ~
© 7.5 - _ -
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Move KV cache between prefill and decode workers 40 T i
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Continuous re-allocation of compute to prefill vs decode workers 0 n am A o am e e 10m e 1m0
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Dynamo!
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LPU Architecture

Background

MXM

MEM VXM MEM

Instruction Control Units

LPUvI1

GlobalFoundries 14nm (2016)
230 MB SRAM, 235 GB/s C2C

Deterministic execution, no reactive
hardware

Statically-scheduled by LPU compiler
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LPU System

Deterministic execution extended to entire

system of LPUs

No dedicated router chips - LPUs act as both
processor and router

LPU compiler schedules all network traffic
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LLMs in SRAM

Latency Efficiency

Ultra-low TPOT SRAM reduces compute-to-memory bandwidth gap
Shrink the "thinking” lag in reasoning models Increases efficiency potential when operational intensity (Ol) is low
Accelerate long-running agentic tasks Attention, MoEs

Ultra-low TTF1 But needs huge scale to access enough capacity

Fast decode tokens = fewer delays for prefill tokens

Huge systems = user prompts strongly scaled across more Scaling efficiently is the challenge
compute resources L.
Communication costs

Collective communication from tensor parallel (TP) scaling

Must overlap communication with compute

Low-batch

SRAM = low-batch = latency-sensitive

Must minimize exposed sync latencies

Pipeline parallel (PP)

Offers a low communication-cost method to access more capacity

Must minimize pipeline imbalance
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Scale-Up Topology: QuadFour

Linear sequence of nodes

Node = 8 LPUSs,
fully-connected

/
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node = 8 LPUs
fully-connected

Each node connects four links
to the next and previous four
nodes in the sequence
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QuadFour

Scale-Up Topology

Groq Rack

Groq Rack
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Groq Rack Groq Rack

Groq Rack
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Scale-Up Topology: QuadFour

Multiple partitions form a
pipeline 79 BE - B

LPU Node

LPU Node

Partitions can span rack

boundary without loss in IEU NOdeI
performance
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LPU Node
. . .. ® 0 o .

Partitions are flexibly sized to LPU Node
their compute and memory HE--- B | XX
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Scale-Up Topology: QuadFour

Nodes experiencing failures can
be skipped!

Partitions are rotated around
failing node while being serviced

Up to three nodes can be
skipped between partitions

LPU Node LPU Node LPU Node LPU Node LPU Node

LPU Node LPU Node LPU Node LPU Node LPU Node

LPU Node LPU Node LPU Node LPU Node LPU Node
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LPU Node

Groq Rack
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Communication Collectives

Superior collective performance for low-batch tensors 160 Collective Bandwidth

Typical SHIP collective tensor size: 32-256 KB AllReduce (LPUx8)

140 4 —— AllReduce (LPUx64)
More latency-sensitive than bandwidth-sensitive! AllGather (LPUx8)
1204 ----- AllGather (LPUx64)
Q AllIReduce (B200)
Communication collective latency minimized by: EB 100 -

| Peak Theoretical AllGather (LPUx8) BW

Low network diameter
8 LPUs: 1 hop
/2 LPUs: 3 hops

------------------------------------------------------------------------------------------------------

Bandwidth (

136 LPUs: 5 hops 404 e
Low hop latency (300 ns) via synchronous LPU C2C network S0 -
No intermediate routers
No synchronization latency per collective 0- RedBcast TiledRed Bcai ! PAARD
I I I I I
No memory acquire-release latencies (lock-free) - - -Q - N QD -
\;P b:k \50% (ob:k- quo% \5\ bﬁ“

Tensor Size (Bytes)
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Memory Management

Paged Attention

SHIP runtime manages allocating KV cache
memory in LPU SRAM

Runtime sends "mask encoding” at start of
pipeline that determines memory allocation

across all partitions

Prompt: “Four score and seven years ago our” (1)
Outputs: “fathers” 2) — “brought”’ @) — ...

Page 0
Page 1
Page 2
Page 3
Page 4
Page 5
Page 6
Page 7

KV pages

(1 Four (1) score (1) and (1) seven
@ mask encoding =
(2 mask encoding =
(®brought ® mask encoding =
@ years  |(1) ago @ our (2) fathers

4,0,0,0,0,0,3,0
4,0,0,0,0,0, 4, 0]

4,0,0,0,1,0, 4, 0]

Prefix Caching

Expand SHIP memory for prefix caching via

LPU node DDR4

Spreading single model across many nodes
accesses large amounts of distributed DRAM

gpt-oss-120B prefix cache memory in SHIP

Memory Type | Memory Capacity (GB) | Memory BW (TB/s)
SRAM 69.7* 10,616%**
DDR4 72,000 18.4

Speculative Decoding

Reduces KV cache capacity requirement

External draft: add additional pipe stage in

SHIP to hold drafter

Draft Target

*see paper for more details*
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Dynamic and Balanced Pipelines

Dynamic Chunked Prefill

- /' J

Fused Context-Batch

—————————
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Capacity-Filling Prefill

n Prefill compute

D

Decode compute

Context-batch
fused decode

L__

i Dynamically-

' sized chunked
 prefill

Example six-partition SHIP. Boxes sharing color = tokens from same request.
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Dynamic Chunked Prefill

Prefill chunk minimum size
of 1-2 tokens thanks to Fach pipe stage has a fixed compute budget dynamically

high memory-to-compute allocated to prefill and decode tokens.
BW

Runtime scheduler can
form larger chunks when
needed, such as to
reduce TTFT for long

context prompts

—————————

~

n Prefill compute

D [ Decode compute

Context-batch
fused decode

Fm—————mm———————

D i n i i i Dynamically-
D i n i ' sized chunked
: | ! i prefill
N ) ) T - Y

Example six-partition SHIP. Boxes sharing color = tokens from same request.
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Fused Context-Batch

Attention context length
and batch are fused into a
single dimension.

Pipe stages maintain fixed latency regardless of context
lengths and batch sizes.

—————————

~

~ G nille AN (- ™
| : . : : i : n Prefill compute
As context increases, 1§ D irj . r§
batching is proportionally i : : | ! | | D |Decode compute
reduced (and vice versa). \: | : n : : n |
ot D e | :
: n : : n : 0 Context-batch
> —t ;': ______ ': n | fused decode
D i i n | 1 Dynamically-
_ — D : I | i ' sized chunked
No stage is stalled waiting i i n | 1 prefill
for longer context tokens : : n 1
ahead in pipeline! 3 | l
N J J - y

Example six-partition SHIP. Boxes sharing color = tokens from same request.
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Capacity-Filling Prefill

Runtime scheduler prioritizes decode tokens over prefill.

N\ ™
""" compute
D
Decode compute
D
Context-batch
> fused decode
D i Dynamically-
D ' sized chunked
 prefill
N\ J y,

18

Example six-partition SHIP. Boxes sharing color = tokens from same request.

Decode, unlike prefill, is KV-
cache capacity constrained.

When KV-cache capacity
approaches limit, remaining
available compute is filled
with prefill tokens.

NVIDIA
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Results

QWEN3-235B-A22B across Prefill:Decode Token Ratios (P:D) and Context Lengths (CL)

1.00x
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> 35 @ @ \ CL=2Ki
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< 0 v g —h— CL=8K
g 2 0.40x = 0.40x - Prod (1.4Ki,24.3Ki)
2% = [ X »  Prod (3.4Ki,98.9Ki)
oa o’ 0.20x @ 0.20x
=
T 0.00x - - - - 0.00x - ' - . 0.00x . . , .
1 4 16 64 256 1 4 16 64 256 1 4 16 64 256
P:D ratio (log scale) P:D ratio (log scale) P:D ratio (log scale)
(a) LPU SHIP system throughput (b) LPU SHIP decode ot/s/u (¢c) LPU SHIP prefill it/s/u
1.00x - I
5 ‘«__’:_. e L CL=2Ki, MBTB=16Ki
cv > 3080x| A% ~B— CL=4Ki, MBTB=16Ki
S o v L ' 3 y —&— CL=8Ki, MBTB=16Ki
50 +J + | 7’ '
29 O 5 000X ’.—.)(—K‘_"'_‘—‘__‘ CL=2Ki, MBTB=2Ki
- + > 2 0.40x - A= -~ CL=4Ki, MBTB=2Ki
= © © V.AA—P.*H —A— CL=8Ki, MBTB=2Ki
22 9 & 0.20x] Prod (1.4Ki,24.3Ki)
o~ > Prod (3.4Ki,98.9Ki)
0.00x - - - - . ' . , ' 0.00x . . . .
2 8 32 128 2 8 32 128 2 8 32 128
P:D ratio (log scale) P:D ratio (log scale) P:D ratio (log scale)
(d) B200 DGX system throughput (e) B200 DGX decode ot/s/u (f) B200 DGX prefill 1t/s/u

*see paper for detailed results explanations*
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More Topics Covered Iin Paper

Power & Cost
LPU-only systems don’t reach peak efficiency achieved by NVIDIA GPUs

Mitigate some of the gap with lower power & cost profiles

Benefits and challenges from deterministic/synchronous execution
Power-aware scheduling

Floating-point determinism

Previews of next-gen LPUs
More memory, more C2C

Rubin + LPUvV3

NVIDIA



THANK YOU! | <
THIS WORK WAS A TEAM E/F‘F'S.&T WITH CONTRIBUTIONS FROM
THE ENTIRE GROQ TEAM! L
~ OUR JOURNEY CONTINUES AT o el
/ = AR
> / >
1
S 3 \
~NVIDIA |




	Main Presentation
	Slide 1
	Slide 2: A retrospective on  Groq LPUv1  used to build  the first SRAM-based  LLM inference cloud
	Slide 3: Fast SRAM + Massive Scale
	Slide 4
	Slide 5: LLM Serving
	Slide 6: LPU Architecture
	Slide 7: LLMs in SRAM
	Slide 8: SRAM-based Huge Inference Pipelines
	Slide 9: Scale-Up Topology: QuadFour
	Slide 10: Scale-Up Topology: QuadFour
	Slide 11: Scale-Up Topology: QuadFour
	Slide 12: Scale-Up Topology: QuadFour
	Slide 13: Communication Collectives
	Slide 14: Memory Management
	Slide 15: Dynamic and Balanced Pipelines
	Slide 16: Dynamic Chunked Prefill
	Slide 17: Fused Context-Batch
	Slide 18: Capacity-Filling Prefill
	Slide 19: Results
	Slide 20: More Topics Covered in Paper
	Slide 21
	Slide 22: Compute-communication overlap
	Slide 23: LLMs in SRAM


