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LLMs Enable Many New Applications

Al Assistants (ChatGPT, Google Bard) @ ‘

Text-to-Image (DALL-E, MidJourney) (GYbJNNR AN

Creative Writing (Jasper, Copy.ai) fv ~)

Al Coding Tools (GitHub Copilot, Replit)

Text-to-Speech & Audio (Descript, Synthesia)



LLM Serving Systems Face Surging Demand

Total Monthly Visits to chat.openai.com (Dec 2022 - Jan 2024)
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Source: https://nerdynav.com/chatgpt-statistics/



Cost of Training and Serving LLMs is Massive

Large-scale investment in H100s in 2024
e Meta: 300K
e Google: 150K
e Microsoft: 150K
o X: 85K2

NVIDIA H100 HGX Server

e ~ $300,000
e High operating cost
o 8000W

e Up to ~11 months lead time

Batching user requests and aiming for optimal throughput are key


https://www.tomshardware.com/tech-industry/nvidia-ai-and-hpc-gpu-sales-reportedly-approached-half-a-million-units-in-q3-thanks-to-meta-facebook
https://www.theregister.com/2024/06/05/elon_musk_confirms_h100_destined/
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What is the optimal LLM serving throughput?

Operation Classification

Resource Bottleneck analysis

How to approach optimal LLM serving?
Nanobatch
AutoSearch
Async Scheduling
KV cache management

How does Nanoflow compare with existing frameworks?



Prefill and Decode Phases of Transformer
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LLM inference have variety of operations
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Matching the resource needs of operations with GPU

resources

[

GPU resources
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The serving throughput is bounded by the most constrained resource



Memory Time Estimation
[ Optimal Throughput ]—-[ thucIE,inngEIi:f)ci:ct ]—-[ Largest Batch Sizes J

GPU
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Input KV cache

Whole GPU memory would be loaded once during one iteration
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Compute Time Estimation
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Network Time Estimation

Input for

dense

All-Gather

All-Reduce

net —

4(N = 1)DmodeleenseLStype
NetBw

11



Workload Classification

GPUmem

Tmemory = MemBw
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Compute

Tcompute —

net NetBw
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Tcompute

Compare Net and Compute
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Compare Net and Compute
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Compare Net and Compute
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Compare Compute and Memory
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High Utilization of GPU compute is the key for LLM serving




Optimal throughput
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Revisit the performance of existing frameworks

B vLLM B DeepSpeed-FastGen TensorRT-LLM
21000
- 5 817
%% 750 = 636
; : 494 490 >>2 513
o 2 500 410
O 372
QLJ o
& 3 250;
£
0 Input 512 Input 1024 Input 512
Output 512 Output 512 Output 1024

Large gap towards optimal throughput
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Heterogenous resource demands cause inefficiency

Underutilize compute when perform network or memory bound operations
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= Nano

What is the optimal LLM serving throughput?

Operation Classification

Resource Bottleneck analysis

How to approach optimal LLM serving?
Nanobatch
AutoSearch
Async Scheduling
KV cache management

How does Nanoflow compare with existing frameworks?
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Nanobatching

Up Gate ] Dependency( Down
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Pay extra weight loading for overlapping opportunities
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Design Space for overlapping operations

Number of Nanobatch

(

Up Gate
4 ™
Up Gate R
-
\ / Up Gate
4 ™
Up Gate X
-

\ / Up Gate




Design Space for overlapping operations

Size of Nanobatch
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Design Space for overlapping operations

Ordering of Nanobatch

[ Up Gate 1 ][ Up Gate 2 ][ Down 1

J[ Down 2
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Auto-search Stage 1: Pipeline Search

N
Inputs Variables Outputs
N t B
nano start Nnano
Execution
Time Map
Op,B >t Constraints ) B
1. Obey dependency
2. Nano-op partitions the original batch Ordering
3. Same type operations do not overlap y of same
Dependency type
DAG i
Goal: Minimize Cycle time operations

Simplifications

1. Only consider three layers 2. Nanobatch partition are symmetric across layers 3. Operations can overlap perfectly



Design Space for overlapping operations

GPU recourse allocation

Compute
Only Up Gate 2
Memory _
Only Decode Attention
Overlap Up Gate 2
Plan A Decode Attention
Overlap Up Gate 2
Plan B Decode Attention

v



Profiling Interference

e GEMM
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Resource utilization

e \We define R as the unified GPU
hardware utilization of a kernel
e We use GEMM performance to

define the R.
o E.g.R=10% means GEMM reaches
10% of Best performance

e GPU have total resource R = 1
e We can get R to performance
mappings from profiling
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Resource utilization
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Resource utilization
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Resource utilization
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Resource utilization
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Resource utilization
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Auto-search Stage 2: Resource allocation

Inputs

Execution
Time Map
Op,B,R -t

Dependency

Nnano

B

Ordering

Variables Outputs

tstart R

Constraints R

1. Obey dependency and ordering
2. Sum of R less than 1

Goal: Minimize Cycle time

Simplifications
1. Only consider three layers 2. R is symmetric across layers
34



8B Pipeline Design
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/0B Pipeline Design
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= Nano

What is the optimal LLM serving throughput?
Operation Classification

Resource Bottleneck analysis

How to approach optimal LLM serving?

Async Scheduling

KV cache management

How does Nanoflow compare with existing frameworks?
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Offloading requests

KQV generation

RoPE -
request 1. Perfect workload balance

X .
Append “ Host 2. Immediate evict after finish

3. Naturally contiguous

Req 1

Req 2

Reg1 Reqg1 Req 2
a a a ) Host

Instead of offloading finished request, offloading on going requests
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Loading requests

SSD
CPU
Buffer
GPU
Buffer
KV
cache
Req 1 Req 2 Req1 Req1 Req 2

Copy continuous buffer across devices for higher bandwidth
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Integrating Loading and Offloading to Pipeline

GEMV | GEMV | GEMV | GEMV
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Overlap offloading with pipeline execution to reduce overhead
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Batch Formation

Fixed Budget

Decode Request 1 _
Decode Request 2 [

Decode Request 5 _

Prefill Request 1

Next round

Nanoflow form constant batch for consistent performance
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Asynchronous scheduling

Generated token : I Generating token EOS| End of sequence token EOS Generating EOS
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» Time

Batch formation and KV cache management are moved out from critical path
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= NanoFlow

What is the optimal LLM serving throughput?

Operation Classification

Resource Bottleneck analysis

How to approach optimal LLM serving?

Nanobatch

AutoSearch

Async Scheduling

KV cache management

How does Nanoflow compare with existing frameworks?
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Evaluation: end-to-end offline throughput
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Evaluatlon On“ne Iatency —®— VLM @ FastGen —@— TensorRT-LLM  —@— NanoFlow (Ours)
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Evaluation - Ablation study

Overlapping network 1.07x speedup

Overlapping memory 1.10x speedup

Overall, 1.17x speedup
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Evaluation - Resource usage
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Nanoflow utilize multiple resources concurrently, achieving higher

average compute usage.

3000
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Evaluation - Porting Nanoflow to other models

s vLLM NanoFlow
100 f-mmmmmmmmm Optimal —=---m o
E,\ 80/ 78.5%
O 70.6% 67.4%
— ~— . (0]
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gL
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§,5 32.0%1306  30.8% 1213 57 49, 1147 6564 S1:9%
o
= 20
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Porting Nanoflow to other models demonstrates 59.1% to 78.5% of

optimal throughput




- Nano

Nanobatch pipeline design

Execution unit scheduling

1.91x throughput gain

78.5% optimal throughput
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