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> Background

Model as a Service (MaaS) and Service-Level Objective (SLO)

Client Client :

1 o N Real-tim An example of SLO: (latency, attainment)
1 demand 99% of requests must be served in 600ms
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Figure 4: 99th percentile tail latency of sequential, degree 4,

and simple fixed addition of dynamic parallelism in Lucene.

[1] C. Zhang, et al. MArk: Exploiting Cloud Services for Cost-Effective, SLO-Aware Machine Learning Inference Serving, ATC’19.

[2] M. Haque, et al. Few-to-Many: Incremental Parallelism for Reducing Tail Latency in Interactive Services, ASPLOS’15.
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> Background

The Goal of Service Providers: Maximize RPS Adhering to SLO

An example of SLO: (latency, attainment)
99% of requests must be served in 600ms

Higher RPS, Lower costs

» 2 instances 1 instance
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Figure 4: 99th Jercentile tail latency of sequential, degree 4,
and simple fixed addition of dynamic parallelism in Lucene.
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> Background

LLM Serving: Two Distinct Phases - Prefill and Decode

Output

Different influence on
USER EXPERIENCE

Input

recite the first law $

\

Y ......
Prefill: Handling prompts Decode: Token-by-token generation
J TTFT | TPOT -
(Time-to-First-Token) (Time-per-Output-Token) XN

*Here LLM refers to the mainstream LLMs with Decoder-only Transformer architecture
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> Background

LLM Serving: Two Distinct Phases - Prefill and Decode

{~ " 71__partial attention
x W' | (e.g., FlashAttention)
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® | _ partial attention
xWg_ ! (e.g., FlashDecoding)

8 cache
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s o ® @ softmax ® Decode phase:
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[1]K. Hong, et al. FlashDecoding++: Faster Large Language Model Inference with Asynchronization, Flat GEMM Optimization, and Heuristics, MLSys’24.
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> Overview

What We Do: Optimize SLO Attainment in Large Language Model (LLM) Serving

Client Client
1 - 1 N SLO: (TTFT, TPOT, attainment)
1
- el 100%
[ A 2 \\ e 99%
c
and & 90%
2 ‘\ -
O L w/ SOLA
A original

Cluster RPS

Given TTFT and TPOT,
higher attainment brings higher RPS
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> Motivation

The bias and the variance of the latency distribution

0.4 0.4
® © BIAS
- ttainment: @ Attainment: one of TTFT and TPOT has
= 0.2 L 5 0.2 287 much lower attainment
Q e @ against its SLO
|_
0 0 VARIANCE
0 0.5 1 0 0.5 1 many requests fail the SLOs
@R TI;';T ES']b B o (b)R 'I'I;FdT [ts']b tion of while others still having
a) Request distribution o equest distribution o
WLLM SOLA redundant budgets to spare
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> Motivation

Two-fold trade-offs exist in request-level latency

BIAS

one of TTFT and TPOT has Between TTFT and TPOT
much lower attainment

against its SLO

VARIANCE

many requests fail the SLOs
while others still having
redundant budgets to spare

» Among different requests
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> Motivation

Two-fold trade-offs exist in request-level latency

BIAS

one of TTF1 bnd TPOT
much lowel

against its |

How to exploit such two-fold trade-offs?

VARIANCE
many requ{
while other
redundant budgets to spare

It requests
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> Overview

SOLA: State-Aware Scheduling

________________________________________________________________

Strategy optimization
(i-th iteration)

- State update
} | scheduler ((i-1)-th iteration)

(i-1)-th iteration i-th iteration
| |

I 1

1
) \
s run l‘Wait imn Qi+ wait
Schedule O Execution £ Schedule ]2—{ Execution ]—l>
A

\ 4

Record the states from the last iteration,
and perform SLO-oriented scheduling
optimization for the current iteration
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> Overview

SOLA: State-Aware Scheduling

________________________________________________________________

1 e e O !
I 1 State-aware i State update Strategy optimization |
| |_ scheduler_ _: ((i-1)-th iteration) (i-th iteration) !
(i-1)-th ilteration i-th iteration — Ite rative_level
Formulation and | 0, \ Qe .
Design Space Schedule Execution Schedule }——’{ Execution ]—* scheduli ng
Iteration-level state update /terat/on level strategy optimization (0] pt' m |Za t | on
(D Update @Optimize[

e y R

: Request { | | Constrained | t ! !

Real-time : State :r L= optimization £ SECIS :
: | @Statistics |, (] 1 - | Aware of both

Scheduling . - ! | = Y mrrrEl 4
. ... : ystem — | os P! |
Optimization i State Frure model [T Parallelism | | system an

based on States ] | { i request states

| State Monitor | | Strategy Generator { | Deployment i

! (Sec. 4.3) { ! (Sec. 4.4) { i Setting !

———— e e - -
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Overview

SOLA: State-Aware Scheduling

________________________________________________________________

State update Strategy optimization
((i-1)-th iteration) (i-th iteration)

Formulation and
Design Space

(i-1)-th iteration
|

i-th iteration

I

Schedule On Execution Q Schedule }——’{ Executlon]—'

Iteration-level state update

/terat/on level strategy optimization

O] Update’ (@)Optimize
P y y TR
' Request g | Constrained (i :
I 2 | 1 ,
: State :r : optimization £ SLOs !
| @ Statistics | : i | ! i
I 1 1
: System ' ! Cost { ! LLMY/ i
! State (3:')Tun'e model { 1 Parallelism
: 1 s x ! |
1 1 ' 1
| State Monitor | ' Strategy Generator |  Deployment i
! (Sec. 4.3) { ! (Sec. 4.4) . Setting !
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Iterative-level
scheduling
optimization
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>

Modeling and Design Space

Algorithm 1 Scheduling at the i-th iteration.

Input: M, Q¥", Q™™, mi*°, n;, k;, F;

— e
AN - Il el =2

16:
17:
18:
19:
20:

90 RUION Ch 45 3 B2 b

Initialize Q™ <« ()
if get req_num(QY*") = 0 then
Return (@Y™, Q77
end if
Q™  F(Qr
for r € QY do
mPe « cal_peak_ mem(Q™ Ur)
if mPk > M x (1 — mi*©) then
continue
end if
Q7" + Q7" .push_req with_token num(r, k%)
Q™" + Q}*".pop req with_token num(r, k")
if get req_num(Q3™) > n; then
break
end if
if get_token num(Q:"") > k; then
break
end if
end for
Return (QV, Q™)

2025/5/11
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Design space of scheduling

Execution Order
Which requests are prioritized

X

Workload Size
How many requests (or tokens) to
run in this iteration
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Overview

SOLA: State-Aware Scheduling

________________________________________________________________

State update Strategy optimization |
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Scheduling
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State Monitor
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> Constrained Optimization

Problem: Constrained Optimization Solution: Order and Workload Control
Optimize TTFT subject to TPOT
Condition (or) | Constrained Optimization = 11 Decode ___
Prioritization f B. C.'Dy Es Fu G
(1)1 > pI¥oT > p min max, (t; o) (phase-level) -2 - = "____{’,' _‘i’__i’___"'___d_,'
) p;rPUr > Lopitt | st amax(th) < THE o Sortﬂ Sort[]
2 Prioritization A C. E. G: F. D
(1 > p;FTFT > piPoT min max,(¢; ;1 | (request-level) . P —p ~d Pd Td Dd
) pi T > 1> pFOT | s.t. max, (t;707) < TTPOT Size Size

Constrained B, A, Eqg

TTFT/TPOT . . kload
; / : the ratio between maximum worktod
real-time TTFT/TPOT and its SLO Optimize TPOT subject to TTFT
B 0o [ T Prefill ____
Prioritization 'de AT Gd'{‘l A B. C I
= 1 WP P le
* Objective: the less fulfilled one of TTFT (phase-level) Teon] son]
and TPOT SLOs, “doing the best” (l:;::urégtzﬁ:;?) Es Gs Fq Da| By | A, |Gy
e Constraint: the other one of TTFT and Al T
TPOT SLOs, “ensure the constraint is met” Constrained pepyEENEEEETE—.
workload
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> Constrained Optimization

Order Control Workload Control
Optimize TTFT subject to TPOT

Prioritizati (____P_r@f_i"_____r____Qezc_qd_e____

rioritization : : SRy :
(ohase-lovel) | A2 Bo_CiDs Ea Fa Ga . Prioritize prefill requests

Sort[] Sort(| 4 " dicted
Prioritization Based on the predicted TTFT .
(request.tevel) 22 | A |Ca| Ea G| Fy Dy p Add as many as prefill
_ Size Size requests until the predicted

Constrained B A E

workload al—pl =d TPOT exceeds SLO

Optimize TPOT subject to TTFT

Prioritizat ____D_e_c_osise____r _____ Prefill ____

rioritization i I L

(phase-level) | 2¢ Ed Fa Caliho | Bo (Gl pripritize decode requests

Sortﬂ Sortﬂ

Prioritization ' "o “r 5 g A Tc,| Based on the predicted TPOT : :

(request-level) ==l TdITd I Ep A TP p Retain as many as prefill
. Al Size requests in waiting until the
Constrained E. G, F. D, B _
workload ¢ Ba Ta Mal "p predicted TTFT exceeds SLO
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> End-to-End SLO Attainment

Resultsl: Higher SLO Attainment

* Baseline: vLLM-S (VLLM with SplitFuse strategy), vLLM-D (vLLM with default strategy),
SJF (Shortest-Job-First strategy)

* Testbed: NVIDIA A100 GPUs

Benchmark: ShareGPT and LongBench datasets

vLLM-S vLLM-D SJF —a—SOLA
w4 O— O =—==py
O ¢ E ;\ = ;
| q;08 |
® E06 : | | 04
-5,50.4 06
Eigfs | |
0 04
ouas: 1 l—l—l—l—.—.—.—.—.ﬁ I—-r—lﬁ 1 l=-=-=|='i
e R:
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8202 ‘ 0%
<=5 | 04 |
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(a) Llama3-8B, ShareGPT. (b) Qwen1.5-14B, ShareGPT. (c) Llama3-70B, ShareGPT. (d) Vicuna-7B, LongBench. (e) Qwen1.5-72B, LongBench.
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Other Results

Results2: 1.08-1.27x higher RPS

Results3: TTFT-TPOT plane

adhering to SLO visualization
75 OvLLM-S ovLLM-D oSJF BSOLA vLLM-S vLLM-D SJF = SOLA
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0-8 HHHI 079089|—|I OSSHHI HHHI HHI_I (a) Llama3-70B, ShareGPT, 5.8 request/s.
0.6 |_| 0.2 7 ; 7
Llama3-8B  Qwen1.5-14B  Llama3-70B  Vicunal.5-7B  Qwen1.5-72B B p K g /
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o / 7 b [ ]
. . = B 2 i ‘
* SLO setting: 10X /15X of the single 0 :
. 012345 012345 012345 012345
request latency to be the tight/loose SLOs SR S e L FiETH)

for 7B-14B models, and 5X /10 X of the

single request latency to be the
tight/loose SLOs for 70B+ models

2025/5/11

(b) Qwen1.5-72B, LongBench, 0.35 request/s.

* More compact distribution with the

center close to linearly scaled SLO line
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> Takeaway

The goal of this work:

Higher SLO attainment, higher RPS, lower costs

The motivation of this work:

We can exploit two-fold trade-offs (between TTFT and TPOT, among different requests)
to optimize SLO attainment in LLM serving

What we do in this work:

1. The formulation of iterative-level scheduling and design space
2. State-aware scheduling that is aware of both system and request states
3. Constrained optimization on the scheduling strategy
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SOLA: Optimizing SLO Attainment for Large Language Model Serving
with State-Aware Scheduling

________________________________________________________________

[ 1
1 State-aware State update Strategy optimization |
1
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Thank you, Q&A

Ke Hong, hk24@mails.tsinghua.edu.cn
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