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MQLserve: Quantization-Based Multi-Task LLLM Serve System

FU Fang-Cheng XIA Yi-Fei CUI Bin
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Abstract  With the advancement of Large LLanguage Models (LLLMs) , the need for efficient fine-tuning
and deployment in downstream tasks has grown. Technologies like LoRA (efficient fine-tuning)
and GPTQ/AWQ (quantization) are crucial. However, current quantization methods prevent
model sharing across tasks, limiting multi-task deployment. Additionally, existing multi-task
systems lack support for dynamic task addition and effective scheduling algorithms in the multi-
task serving scenario, resulting in low throughput and high latency. To address these issues, this
paper introduces MQLserve, a multi-LoRA task-serving system. It features a dynamic multi-task
quantization algorithm that allows joint quantization across tasks, reducing memory use through
model sharing, and supports real-time task addition for stability. A new output length prediction-
based scheduling algorithm tackles memory and switching issues, enhancing performance. The

experimental results show that compared to existing multi-task service systems, MQLserve
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improves throughput by 7.5% —58.1%, reduces latency by 9.6% —43.3%, shortens average

response time by 84. 2%, and increases the average SLO attainment rate by 330%.
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BAUR B IN 2 A 2 R 55+ ELRH AR T A YR EE 2 )
E55 Fh2E 22K

[ wAKE COmibkE 3 8K
4000
% 2000 : &I %
il % -
SR EEIsE A ARAGAE
(trans-fr) (QTsum) (xlsum)  (tiny-codes)
{55267

3 AIRZERUE S I M A i LR SO R o A

BT X SRR LA T SR B 2T 55
SN AATE LT =5 1 Pk -

(D) % 1 A 22 7 B 3 S BOF T 55 58
WA . BA SOTA MR 5 £ 40 0 BE 5w . B
Fastservel"' 1§ skip join MLFQ &, ¢ 3% F 2% & 81
R HEAT IR s T X KA B S
EOAREHTRMEREEZERDEENZAES TR,

(2) Ph ik 2. 40 B4 Ad Y LoRA adapter & Ji§
10 #E3R , WK 4 7R s Fastserve 76 AHSF P 41t Ik Z 7]
RS BOAR KRR 3% J& B T Fastserve 75 1 72
WA 2 T BE BA S e 9 I 75 JE AT 55 Fh 2k
AR X B0 R BE SR W AE 2 AT 55 3 5t b A AR AL IR AT 55
2R 22 S5 K2 1 M % 1 45 A48t LoRA adapter,
X B T AN 10 2R

el
FastservelfiJ5

—— S-LoRAIJE

—— MQLserve i

0 500 1000 1500
e

B4 AT 55 R4S X HE

OB 3 MKRPEFMHERAZ . FHEL
23 (A A4l LoRA adapter. {5MIE 4 HHFE . i Tk
Z XL 55 B I B 1 % I8, Fastserve £ R IL U
155 BOIE v X 4G A — b 75 AR GPU
AR A LoRA adapter. iR 3% A R AT

ARSCHR T 2T i RS I A AT 55 2R 2K 14 i
JIE SR AR S i ke T B AR PRA

I A SCSZ CA TSR S B 2 0 I /S Y

ok T T SR 1 i A RES s B I IO L AR SR MK
PR e A0 1) VR R SR Wi S8 R A% I [ A S O
(SRTE) BE I AT 5 Hu AR BE AR s O 1 B
1k [ — 4t vk AT 55 Bl i 2 (73 LoRA adapter
bR A R 2 ARG ICE T R KRB pGRIA
H2H 100, A — bR AT 55 B R EOS /0 T B, [F)
W RG2S EE B — R AT 55 25 A L sk e Al
ARPIUAT: 55 T 28 22 ) i K eI o o TSR LA 3R
GERCE T OVHRBN S L 2 1 e EE VLRI SR . BRI
JE WG SR TR DL RN 5 D Sk 2 MBEE 3,

it EEULHT ) J2 . S-LoRAMY R I T R 26 19 |1
R CARRAR B A 41E vk i 40 2 9 A 45 B0, AR i
S-LoRA fy i £ 3 i J& #h R 19 FIFO Mz 55 5w,
TEMR 55 i B AR E s LA A S Ol ——h T
K B AR K AR 55 B3 SR 2 b ORI 7ok A
Jd i 1A 55 A R AR AR AR AN B IR 55 L AR AN Rl AT: 55
ZIEAFAE AN 8 7 9 BE A I A, S 3R G R R
PEREZ IR . AN HE, MQLserve SR T 3 T h B K
JE W AF B k17 SRTF 38 B, bk T 4T 55 58 Bl it
[&] . [A] I5f» MQLserve Jit AT YLK BAF 76 O HIE 171 28
3185 R AT 55 56 JG I [ (4 T B, AR B R E T 2
T e Ah sl T R R AT 55 2 18] R AR Y B A AR
SRTE 4 & A B 3 9 2 /] — b vk b B9 AT 55 2k
P R RV AT: 55 Bl 3% 28 ) B2 A M3 AN &1 4 PR L AR LE
Fastserve f1 S-LoRA, MQLserve I Z FEAL T 7 —
eV b AT 55 RS K, BLAT S SR AT 55 22
SN,

4 LWHERSHH

4.1 ZWIgE
(1) SZRFR BT A SO RTX 4090 Al RTX 3090
PR 9% 9 8 R R A7 03 R R R T A0 2 B
BWFR 2 PR,
*2 LWRRE

SCIE4 GPUTTE J1/GFLOPS BA7%5H:/GB PifEHi5e/(GBes™ 1)

RTX 4090 51640 24 1024
RTX 3090 35580 24 936

(2) B 4 F A 48 A I a5 ROKG 38 I, A Sk
BT 64 8134 %0 (trans-fr, trans-cs, trans-id,
trans-nl, trans-da, trans-sw) , — /> 3C A B 45 4 4544
(xlsum) ,—A>F A BT 5 (QTsum) J— 4R
5 A AT 55 (tiny-codes) 3k 9 ME 55, E 55 B4
AR FLRHE AR DR 5 B X 1 00 12X o 39 o 1) A vk A B



524 it "

Hl

¥ e 2025 4F

FER 5 28, I ] Gamma process Az J8 R FEAE (1) [
P

(3) BERY . A SCffi i} Llama2-7b 1 Llama2-13b
BB EAT I . 76 00 38 7R RS B B, AR SO 9 Rl AR
5553 A FH B Y LoRA adapter, 34 Jj1] 1 I 455 44
KB . ARSCEN T IR P LoRA adapter 47 f& 7Y
K BEI G 3 DL B o B 7E MK R e80T A SR
5 S-LoRA #H[FE #9052 77 50, BEALAE MR (rank)
M 8.16.32.64 1) LoRA adapter, J] LA AT 45 %k
HHEZMRFHBEG R

(4) PEI G B« X T BHFEAT: 55, 06 028 B D0 45
b sacrebleu" "™ s SCA BGE | K26 45 LA KA SRS AR i AT
% B rouget™ . HEIRE UL 5% Co X F RS
BRI A S IR ik R O3 SR B R A 55 58
JIC B[R] L S 24 m i B [E] A1 SLO(Service Level Object)
22 (2D RIE B B IR IR Z H 5 B0 . T
BRI IR 55 B[] 2 1 min, JHERAE IR 65, 1R it
Jiik VAXSF Ik 2 B3R T e AR SO R TR R
(my —my) [y s Forr my oms, 53 R T 1 AT 2
JIT 5 BN A AR AR R 2Dl b, FE A 7 1 1 AR T ik 2
(R B A ST BN Gny —my ) /m

(5) XF ot G2 - 7 i 1R BOKS J32 I, A S0 MIL-
GPTQ 5 WRANR 5 i 47 %] F » 43 391l 02 T B4 4R
B ER) FP &4k 77k G2 2 FPquant) F#f fif A 4T 55

IR E TR G UG — GPTQ 8 AWQ 1k (1)
J5%: (e DPGPTQ fl DPAWQ) ., 72l £ 48 44
R A Z LoRA £ 55 5 T IR 55 %0% .
YEHLT vLLM 1 S-LoRA fE X X 4 .
4.2 HEEERBIEITM

(1) BERDRE BE « A S5 UAS 7 16 (G2 8 noQuant)
JIT Ik B RS RDRS B2 A B E . i MLGPTQ.DPGPTQ,
DPAWQ F1 FPquant 8%} F noQuant i 155 %I 5 Ji
TRER TR R AN 5 FToR . AE 4 bit LR IE B
F.MLGPTQ.DPGPTQ.DPAWQ F1FP4 1£ 9 4~%k
P FoPS AR RORT B R R 430 1. 2096 4. 5200
3.72% 1 3.18% ., 7E 3 bit FE M F . MLGPTQ,
DPGPTQ.DPAWQ FI FP3 i 5 24 15 A B R [ %
3 90h 9. 93% .19, 01% ,20. 11 % 11 90. 92% . FEF
AEARLE S MLGPTQ 15 B BT K #5 A2& fie /)N
M), Fe R T R EPE . 34 HE A-bit HEALET, B
TR A B S AT =L DPGPTQ F1 DPAWQ J7
AR R EB 4y B AR EE E AN FPquant, UEH] T 24 bit
B Z 0 R A 2 AN T 55 W50 o A S A 1
AN TC 5 FoPs 5 IE 1 FP s 4k i 8 3-bit i 1k
i, T bit Bt b BOf BolE S 87 IE 1Y FPquant JL
T3 2% Ji A RE 7 o T A T ESCHE AR 9 T ) 23 1 8 A
AR L AR T 1 3R IK RE

[E= MLGPTQ =mm DPGPTQ == DPAWQ _mmm FPquant]

iﬁ 245
&1 h 20 - o188
E 7992 83

trans-[r trans-cs trans-id trans-nl trans-da trans-sw QTsum xlsum tiny-codes

B 5

.8
52738 Blygo. 28 35
5 .8 I ]
317]
25,
. 129
6.752 537138

767

Hilide

ATl AL 7 7 R A BUR B b A RORE B T R 2R (Llama2-7b) (B RURS FE T B 28 A 31 2 A W (Moquam — 1) / Mooquan: » H:

B Mnoquan (R RAS AL (noQuant) BT 35 3] A A8 BUR BE 18 b5 (8 » m AR 5250 16 T 1 50k £k Dy 85 P 38 30 A0 A58 0K B8 48 A (ED

(2) B RUVE B A S5 B A B MLGPTQ 1Y
FROME N T A5 S L B T £ sacrebleu 45
BRAb s 53 HMR IR T 5 AN AN [ Y 4 1 AL s B 3R T
(48 bR o 5 b5 T 240 R DL R S Co Ak 1y f 45 Bk
F W5 @ AR R ) 2 B 2 A R I B A AT S5 A
LM T I K LoRA adapter; @ & {6 7] if 72
o A T H AR 55 BB A A .

A IO FE IR AN T3 ok A W) AT 55 i AT
int4 4L : MLGPTQC[F] I /£ 2Rk O A1 @) . DPGPTQ
(A R ZE R D) .no-Target GPTQ(noT GPTQ),

BI7E DPGPTQ & Ak i 2 v, 55 b 4 B T H A5 1T 55
AR B5CHT o R G At 2 5 E AT S b CAS T 2 B2 K
@) .GPTQ BI%38 () #AE %5 GPTQ ®mALT L. 45
RANE 6 s, TRk B AL A5 2% 78 A X F noQuant
PIBL RIS R . AT DLW 2], DPGPTQ F1 noT
GPTQ JAT DL 5E 428 35 MLGPTQ 1 GPTQ, X #
WY AT ] P70 48 #5 | & F . DPGPTQ il noT GPTQ
(R TORG B B AR 22 K F MLGPTQ #1 GPTQ, it
Bl MLGPTQ 1R 47 #u fi# Yt T DPGPTQ Fl noT GPTQ
(18 I L, IR B 1 AT



3 1 FEF7 IS . MQLserve: 2 T HALK) Z AL 55 KIEF R R 5 R 5 525

\ MLGPTQ DPGPTQ GPTQ noTGPTQ]
trans-cs trans-id trans—sw
ROUGE2———__ ROUG ROUGE2 _—— =, S ROUGEZ2 OUGE1
> 2~ ~_ROUGE1 2, ~ROUGE1 R\
7 \ / N\
4 f’/
/ 68\ / 123}4\ f 110\
] 2 1 F O ()/. ‘
. ' —20 ﬁj ol 025
NIST_MT| LEU NIST M’I‘ fIEU NIST I\h kLEU
\ \ / \ /
\ / \ / \ /
// R / i .
4
e // \\\ ,// ,/‘
METEOR ™—__ " G_BLEU METEOR ~—=-_ —" G_BLEU METEOR ™—____—" G_BLEU
B 6 MLGPTQ A &M 55 ik (Llama2-7b) (LA = A~ B A4 4R AR AT T8 B0 50 UE S8 B T 6 A 4t B335 BT o 19 R ¢

FEAR WA AR AR RAR X T noQuant fYRE BRI T W8 il ) B SRR TR /1N L BCR B

(3) 1 55 B w43 Bt < R T 56 00 B 5 AT 55 B0
Hemoxt & Ak 5 A B RS BE (9 52 i, A SC LA trans-cs,
trans-id trans-da =/ N H AR %, Wi BE &
Z 5 5 A0 AT 55 B0R 1 3 i, MLGPTQ #1 DPG-
PTQ MBI RRE A AL 25 RN E 7 s, HHA 14
f£:55 i), MLGPTQ #1 DPGPTQ By B BUKS B2 AH X .
Wa%&E 25 5 AAT 55 B 36 i, MLGPTQ ) B2 LK
J¥ REAAR TR R A8, T DPGPTQ W A5 % 3% M 78 2% 1
B, BeAh NSRS 25 R0 LLE 1, DPGPTQ 1k

trans-cs

141 12.74
o] 11861536
5107
%
}.L
= 6
Hm
=
@H“l
K o) B et ittat Siuivh iebelle gebelte Sl EEEET ]
*O 930 264 255 277 268 266 268 258 256
12 3 4 5.6 1 8§ 9
RETEEHE
5 trans-id
--e-- MLGPTQ
X 41
tt;i —&— DPGPTQ 3.05
‘3,
].L
b
2]
ﬁl 1.03 Y e iy
1 - _g-—- SES e =magper U Tl L )
oo 104 095 107 104 1ol 115 108" 0%
0 : : : :
1 2 3 8 9
zmnfi%ii;
G trans-da
5| "= MLGPTQ 495
5% | —=—DPGPTQ 420
Y
&
=F
= 197
K 21 > -9 ————0--—__g
193 202 200 197 194 203 199 203 196

—_

1 2 3 4 5 6 7 8 9
TR

B 7 AT 55 i AL RO BEBDRS BET B 2 i 2 1R (Llama-7b)

R R R B — R W 3 Pk L IR BT S i 9 AT
5555 F AR 55 19 Bt 23 A Canis Aok ULV an A F e
H K RE 73 A1 2D A A AN [R] AR R 5 SR T L B MR B3
Wt AT 55 B0 19 94 . DPGPTQ K B 24T 55 1 5 1E
B IEATIR A B4 H AR5 (9 Kl 20 A 12 87 9
DR+ SRR RN B2 B Ok 8™ HE . MLGPTQ W v
AR T H bR AT 55 19 Hcdle A o DRtk B AT 55 e
T FEARE RS B2 #R 4 F5 A2 % - FE M UEW] T MLGPTQ

KL B & .
4.3 B un AR IED
4.3, 1 SEFIVERE A7 kA EIR AT 55 58 MU ]

A SCAE RTX 4090 FIRTX 3090 F iz T Llama2-
7b.Llama2-13b # &I, ¥ iR 4 100 ™A 6] B9 LoRA
£ 55 3R B3R 3 R Lregs/s 5 0F] 30 reqs/s. H
Bk SEIR AT 55 58 S [E] DL IS 8, TR IR R
S-LoRA 1 vLLM FE R % Llama2-13b B3 B T
AR 055 CE bR E OOM) , 1 MQLserve
Aoz, BB RIS « MMES. BIERKRE.
AR N =, M T S-LoRA, MQLserve %
Gkt E T 7.5 ~58. 1%, I IE R FEAL T
9.6%~43.3%.

bt 5 1 R 8RB A KT T 55 s MQLserve [1)°F- 3575
kAW E L DL Llama2-7b@RTX4090 4], iz 4 fa
ELER 4. 93 reqs/s, M S-LoRA YK 3. 79 reqs/s.
TE T 528 i MQLserve [1)F ¥ % 1H % . S-LoRA
WE T 30%(3. 65reqs/s vs. 2. 81reqgs/s) , - E IR
I S-LoRA 4545 7 27%(86.69s vs. 119.29s) . {F
% 5E U [A] B S-LoRA 45 % T 28% (226.14 s vs.
314.96s) . [FIWF .6 A] LA R An N 4538 . (D 7E A i
BT CIRIER#E RN, MQLserve 7E k5 P
FE IR FIAT: 55 56 LB 1] 1 ¥ 0L F S-LoRA, 38 43 ik W]



526 07 W A /[ R <S4 2025 4
[—=—MQLserve5  —*— MQLserve 100 —+— S-ToRA-5  —+— S-LoRA-100 VLLM-1  —+— vLLM-=2 vLLM-4]

Llama2-7b@RTX4090 24 GB

9 Llama2-13b@RTX4090 24 GB

Llama2-7b@RTX3090 24 GB Llama2-13b@RTX3090 24 GB

.~ 5.0 3

w'e | 9 1

= 2 251

RE S BN 772 cooomtorontnb 02 0% (0 SRR L PP csncad I ¥ ooutl OOM x3!

0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30

4 500
== 2001
2 2001 200
b;i\l 1001 100 ; :
i 1 0 OOM x3! 0 OOM x3!
§ 0 10 20 30 0 10 20 30 0 10 20 30 0 10 20 30
{E
= 500] 10001
E l 500 1000
=250 .
EE 1 OOM x3! el B OOM x3!
Ho0 10 20 0 %o 10 20 30 0 10 20 30 0 10 20 30

IHRENEEA /(reqs-s ) \ HREGEEA /(reqs-s ) ‘

SR EIAHR /(regses ) VSR EIAHE /(regses )

Bl 8 MQLserve, S-LoRA il vLLM 7£ A [ i 3K 21 38 3R A 00 T 195 b & 7 39 28 38 FAE 55 56 W B[]

(EH OOM 7R BAFA R T ik 58 e 21 AR

TR RE AR E AL R M (2) s P R B
S RE . A Llama2-7b@RTX3090 F i S-LoRA
TE R B3R M 3y 8reqs/s WP L T HCR At R
WL XEH T 25T E TR i ARG G S-LoRA
(4 FIFO (8 B2 75 20, 25 Bt 30— A b vk L S 41
55 (R SR A BE 2o O T 46 22 B 5 0 AT 55 1) 4 1 1) R
G100 R 2 4% 5578 oK A B2 (1) MQLserve 78 4k 1 [7]
FE BRI A I 2 —— B T MQLserve #)
FH Y35 T 5000 4 HE Y AR 2L OF LRI T 8 n R s
(0 3 A AL B, 9/ T (] — Uk P R A SR K R Y 22
S ARG M e T ) (3D FE R 55 AN AT 55 B
B s MQLserve [ 75 &, - 35 2E 3R F15F- 4T 55 58 %
BF ]+ 43 42230 UE W] T MQLserve HA 1) 58 1 4 1
PEFIRT 4 e 1k
4.3.2  JHPRSGEE e NI ) LRz SLO il 2 26

RO i P R P s 2 B R G4 1Y
FE AR A% 3C DA w7 B ] AL SLO 2 28 W T X
MQLserve fil S-LoRA #4755 1t .

(1) me Jo B (i) G189 FF 7R 76 3 5K 31 38 3R
S5regs/s HITE ML T o 78 RTX 4090 Ei T Llama2-7b

%)

%) Wi o7 B[] 7R 48 K 250 B0 T - MQLserve 1 Wi L7
B[] 38 /N T S-LoRA, il 41 , MQLserve %F 90 % (143
KW I [ HSE 4. 74 s AR LBERS LG T P R T
ARG . A K B . MQLserve 1S X4 i 1 15 7] 48
b S-LoRA #4558 7 84.2%(2.42s vs. 15.27 s), %}
90 Yo B ¥ 2R 19 M 17 B 8] B S-LoRA 4546 1 87. 2%
(4. 74's vs. 37.15 ), XF 50 %0 (1385 >R Y Wi 7 5[] Lo
S-LoRA 4% T 89. 7% (1. 175 vs. 11.379),

%lamaZ -7Tb@R

L —

- MQLserve

- S-LLoRA

MQLserve V-4l w7 ]
MQLserve 90% iR [i]
MQLserve 50 i Wi ]
S-LoRA P40 S ]
S-LoRA 90% Wi ]
S-LoRA 50 M Wi ]

TX 4090, 5 reqs/sMN ] 5347
Ty N

W /s
-

’200" “400 600 81)0
R A K
MQLserve F1 S- LoRA ij 7 B [a] 43 7 ( Llama2-7b@ RTX
4090, 1F 45 $i i 100,35 3R 3 35 3 & 5 regs/s, B4~
Bl s AR — AN 2K L iR 2R 3 e . B[] 1 SR T
(2) SLO i 2 3« 4% SCHAS [R) 19 175 2K 3] 3k 3R
(1,5,10) Fldpe R R K B (512,1024,2048) 4 7
M AE AN 6] £ 2% F 19 SLO 3 2 %, 45 3 an &l 10

i, Mk E, MQLserve [ F SLO i & A1

9

@ lama2-7b-100task

(@ Llama2-7b-2task

Llama2-13b-2task O Llama2-13b-100task |

S S-LoRA

VLM

A A 7 % A 2! 2 Gg
R DA AN B Y A NN, N
F S S S o
SN RS A S i ST R STy
RS S STEN YN Y
& 10 MQLserve,S-LoRA Fil vLLM £ A 5] 3K 2|35 3 28 A 7] d5 KA BE 45 44 19 SLO i &2 Z5%F Lt (RTX 4090)

(& OOM 7R BAF A R T6 ik 58 e R AR 55



3 1 FEI7 A . MQLserve. 2 T ALK 255 KIEHRIBR 55 R 5 527

It S-LoRA #/ T 330% . H U H, 76 i oK 51 ik
N Lreqs/s B BT ARG SLO W R R AR & .
{H i 2 1 2K, MQLserve (1) SLO i /&£ 5 F [
JNGTE T SR ) 3k 3 K Ry 5 reqs/s Fl 10 reqs/s B,
MQLserve ) SLO ¥ & % 55 i o S-LoRA 5 1000 %6
(0.33 vs. 0. 3) , Jt = bt vLLM 7 2566. 7% (0. 8 vs.
0. 03) 5 [l B 75 15 3 38 R A8, 35 A 5K K B2 1
MQLserve [ SLO i & R JL-F A2 TR iR K E
B B, SLO W & R e £ T B 23.4% (0.47 vs.
0.36), 1 S-LoRA FI vLLM I B % i sk & FF #8 K

1M 2 BRI, b S-LoRA fE K B B /5 SLO il 2
Hgm P 70% (0.1 vs. 0.03), i vLLM #H: % 2x
I SLO W R 0 WIEL, XL 45 ] K
Bl MQLserve A H 25 B4 138 W ) Fa 47 Jg 4k .
4.4 FEMEMK
441 ESEY R

ASCH Llama2-7b £ RTX4090 & T 46 A~
[T 55 5 i 135 ok % T, MQLserve, S-LoRA
vLLM = AR % R G0y Ak, g5 L L3k 3, Ho
OOM /R BAFA R TCIE 78 U PR IR 55 .

£ 3 ESHY RN (Llama2-7Tb@RTX 4090 (EREESH FARIERHNEEZZGT T HRESFLEN
BREERHEE, HHOOMETRBHERE XETHIEERS)

1 55 K4 2 3 4 5 100
i R 3 35 i % 5 10 20 5 10 20 5 10 20 5 10 20 5 10 20
MQLserve 3.89 4.70 4.86 3.78 4.66 4.81 3.82 4.77 4.89 3.71 4.61 4.73 3.60 4.25 4.58
S-LoRA 2.93 3.45 3.51 2.97 3.38 3.54 2.91 3.36 3.58 2.97 3.40 3.55 2.87 3.35 3.36
vLLM 1.77 2.46 2.98 1.02 1.68 2.27 0.77 0.76 0.80 OOM OOM OOM OOM OOM OOM

45 R KW MQLserve 7 i Bl 45 i oK 3 R T+ &
T3, HAEAE 55 B0k 5 100 B 7SR R F5 5 8
MIFF I (4. 58 reqs/s) » T M R IJL A S BEAT 45 B &
B R B T vLLM 7R 2 AR 55 IR S5 LR A Y
JEE L TEAT 55 Kok 3] 5 B BN AR R RS TR
H A5 M . vLLM 545 it 28 H B
TRELoRA TS A 1 35 m B 4 i, HAy R R T
68% (2. 40 reqs/s vs. 0. 78 reqs/s), S-LoRA H 4R
SR R AE 45 B L L MQLserve 1 Ji7 47 1l
37 5 Ik B B A k255 T S-LoRAL UG 1 8
R tERER I .

4.4.2 BIRLY R

J T SR UEAR TAEALE S AL AR A 1 i ] F
AL 0l A TRORS 6 A1 B8 4 5 1T > 3K T MQLserve
1E Llama2-70b £ b @RI . o T IZ 5 B A 4
KA SR A ] NVIDIA A800 & R #EA7iK . i%
R AAA N 80 GBL iR J1 2 312 TFLOPS, Ui
A 5eh 2039GB/s,

(1) BEARUKS BE R T a0 Llama2-70b #2781 | ()
AN TR F Ak 5 3 AR UK FE A R, AR SCIEHC T 3 A4S
A TR 1) 8% 35 £E (alpaca. dolphin #l GSM8k) , £ &
2 D VEAL 55— DB HE AT 55 33 T F U8 1
P LoRA adapter > #4702, H A& 5 %5 95 4 A
LoRA adapter 34 WL 5% B, W45 SR an & 11 B
8. fE 4-bit AL ,MLGPTQ.DPGPTQ.DPAWQ
FEP4 £E 3 A ECHE 4R by o7 Y B BURS B R R OR
H3.96%.8.61%.,9.25% 1 13.74%, o DL & H

MLGPTQ M AIRS B T e i & /N T H AR5k 18
3-bit ST P BB BN B35l 27. 5900,
31.67%.29.61% F1 32.09% , MLGPTQ 1/} #k & 3
AT . XSS 25 FUIE W] T MLGPTQ 767 K
MBI E KR B I S MR T R 4 RE T

[ =m MLGPTQ B DPGPTQ 1 DPAWQ BB FPquant]

ié_ikgo M40

iy 20

w5

;);;;10

=

11 AR ELE A BG4 BB RURS B R

(Llama2-70b)

(2) oy 3] ity VE BB« A SE g R T 5 4. 3.1 5 [A] A
) B R K AR W] R AE A800 E IR % Llama2-70b
ORI R GEPE e, BT S-LoRA AN S HF 0 & &
b TEETE 80 GB 1Y W AT A5 F IR 55 % KA AL
WA 52 36 A% B MQLserve fil vLLM [ H: fE . 52
EEE WA 12 Frw . 7E3E R HE RN Sreqs/s ZHI
ARG MRS Enk Al i EOb e MR R A e . TEIR
% Z AT 5 iF, MQLserve IR 55 5 AN 4F 55 4 ik f i 1)
ik 1. 57reqs/s, IR 55 100 A AE 55 A n d & 475 Al ik
1. 43reqs/s; VLLM 7EIR 55 2 2 MMES B HEEH
M2 i A 0.38reqs/s A K& MQLserve, 3t —#
I 55 5 22 AT 55 Ik D0 3t 8 S A AN A IG5 ol A A 55
Y TR]RE . A O T R B AR A B B F, MQLserve
FEAT I - 15 3R 0 4T 55 56 LI ] % =>4
FRABSR L T IAT IR 55 R 5
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[—— MQLserve-5 —=— MQLserve-100 vLLM-1 —— vLLLM-2 vLLM-4]

Llama2-70b@A800-SXM4 80 GB Llama2-70b@A800-SXM4 80 GB Llama2-70b@A800-SXM4 80 GB
~ sosrteettees | vLLM-4 OOM! » vLLM-4 OOM!
z v o £2000 1= 40001
E1 ) 3
= =1000 152000
S | frosarerersssssen 3 &
e vLLM-4 0OM!| 7 0 M o oLe M

0 10 20 30 0 10 20 30 0 10 20 30

TREFATEZ /(regs-s )

TR BGEEA /(reqs-s )

TREFEEZ /(reqss )

Kl 12 MQLserve Fil vL.LM 7EA [ 15 5K 1 3% 2 424 00 T A9 45 i 4k - 4 S8 38 AT 55 58 )L 7] (Llama2-70b@ A800)

(I OOM 78 BAFA R TC 1k o8 U AR 55

4.5 FEEZENR

AR SCAE MQLserve b AT [R] 3 B2 SRS 73 5l
M3z Llama2-7b 1 Llama2-13b 7£ RTX 4090 F p4F
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BRI HER AR St BRI TEM AR R AN T

(1) sacrebleu, 7£ Fl H1 75 i BLEU, J& — Fh & L (1 ML 2%
PR PEI AR AE B A L B 4 B3R 00 L R — A 2 A S
X B Z B /Y n-gram T & KIS, [FI A5 R T 5 A AR5 DL B
1 47 3 e B R

(2) rougel , 7£ & 1 375 Jy ROUGEL, i+ 58 0y J2& #1185 4
BSOS NS 25 SCA 2 (8] ] i 2 S E ) B — T AL (AN H
) 7 DC JiC JE 5

MR D.  MQLserve ¥ B2 55 Dh A%

MQLserve [ B 7 3% 1 HE F R 2 F SRTF 5w 19, A
HFHMEEREL, EREMES T 250N 7
HE IR BT AT 0 ROCR SO AR an Bk 2 TR il Bl oA A
generate_new_batch F schedule _new_batch WA 3, Bk
BRI R B WA BASY, 3l St prefill _regs. decoding _
reqs hungry_prefill_reqs VA X hungry_decoding_reqs .43 5|
Y3 T IR HEAT prefill B B iE K CRIRT R 1Y 36 K BE4T IRk 55
B3R L IETE decode By B 118 3K, Ab T YLK & 19 R 617
R 55 003 3R DA B Ak FULECAR S I 7E decode By By IE K .

k2. MQLserve 24T 4% 8 B &k

i A : Four queues: prefill_reqs, decoding_reqs, hungry_

prefill_regs. hungry_decoding_regs
> H) b6 Ak BA B S T R

2. max_cont_decode<-Threshold value for decoding

1. running_batch<None

3. max_cont_decode_one_batch < Threshold value for

decoding one batch

(3) rouge2, £/~ N ROUGE2, 2kl T rougel , £/~ 1) 2
TG VT

(4) nist_mt, FR K NIST_MT, t1 & 2 T bleu Y Wik,
95T AN DL BT R ACER L SR T R I 2 A T R A

(5) meteor, it/ METEOR, ¥ 43 it 5 &£ T 25 i R fl &5
RREPTHEL 5 AT —AESTE 7 HUET S 2 A
S VT 5

(6) google_bleu, it ff: G_BLEU, J& %} bleu it i 18k , 3£ F 3
T 77 1 n-gram BCE AL ARG SR HEAT T R R DURAL R g

4. decode_count <0
5. decode_count_one_batch <0

6. while not terminated do

7. if running_batch is empty then
>R GRS B K
8. new_batch<—generate_new_batch(pre fill_reqs)
9. if new_batch# & then
10. Perform prefill(new_batch)
11. decoding_reqs<—decoding_reqs—+new_batch
12. decode_count <=0
13. running_batch <—new_batch
14. else
15. Keep idle
16.  else > 4T iteration-level 1R

17. if decode_count =max_cont_decode then

> 1 5 T R AL O R AT 9



o it ¥ 2025 4F
18. new_batch < generate _new _batch ( prefill _ 18. new_batch.append(req) ; prefill_reqs.remove(req)
reqss hungry_prefill_reqs) 19. for each req in prefill_reqs and hungry_prefill_reqs
19. Perform prefill(new_batch) do o BT 4 15 B 1)
20. decoding_reqs <decoding_reqs+ new_batch 20.  req.waiting_time<req.waiting_time—+1
21. decode_count <0 21. for each req in prefill_reqs do IR AN
22. running_batch <-new_batch 22. if req.waiting_time=Threshold then
23. else ST Z R E &7 4 HE Ik 23. prefill _regs. remove (req); hungry _ prefill _
24. if decode_count_one_batch=max_cont_decode_ reqs. append(req)
one_batch then 24. return new_batch
25. new_batch <—schedule_new_batch Crunning _ 25. function schedule_new_batch (running_batch , decoding _
batch,decoding_reqs,hungry_decoding_reqs) reqs, hungry_decoding_reqs)
26. Perform decode(new_batch) 26. Sort decoding_reqs by predict_out put_len— lenCout put)
27. decode_count_one_batch <=0 ascending > M4 ) A I 14 5 4 0 506 10 47 4k
28. running_batch <—new_batch 27. Sort hungry _decoding _ reqs by waiting _ time
29. else descending, then predict_output_len— len(out put)
30. Perform decode(running__batch) ascending
31. decode_count _one_batch <— decode_count_one_ 28. new_batch< &
batch+1 29. for each req in hungry_decoding_reqs do
32. decode_count <—decode_count+1 > F L E > 5 2 PR B DL BA 1)
33. decode_count <—decode_count+ new_batch 30. if can_add_req(req, new_batch) and req.lora &
Bk 3.0 RS U 0 B ek K running_batch then
1. function generate_new_batch (prefill_reqs, hungry_ 31. new _batch. append (req); hungry _decoding _
prefill_reqs) reqs.remove(req)
2. Sort prefill_reqs by len( prompt) +predict_out put_len 32. for each req in decoding_regs do > & & 1E # BAF1
ascending A 4 Fo 4% I () H5 S AR S AT HE P 33. if can_add_req(req, new_batch) and req.lora &
3. Sort hungry_prefill _reqs by waiting_time descending, running_batch then
then len( prompt) +predict_out put_len ascending 34, new_batch. append(req) ;
4.  new_batch< decoding_reqs. remove (req)
5. for each req in hungry_prefill_regs do 35. if new_batch not full then o ] B HABAT: 55
> 1 5 I BE YL gk A 31 36.  for each req in hungry_decoding_reqs+ decoding_
6. if can_add_req(req,new_batch) and not_met_max_ reqs do
lora(req,new_batch) then 37. if can_add_req(req, new_batch) then
7. new_batch. append(req) ; hungry_prefill_regs. 38. new_batch. append(req) ;
remove (req) decoding_reqs. remove (req)
8.  else 39. for each req in decoding_reqs do > P ZE 5t [A]
9. break 40.  req.waiting_time<—req.waiting_time—+1
10. for each req in prefill__reqs do 41. return new_batch
o> 3 J7 I BE IE i prefill BAF1 56 FIBT running_barch 275 25 L IR A W 5 48 S
11.  if can_add_req(req,new_batch) and not_met_max_ AL T8 B Y Bt B b — W8 B O R AT IR 55 (AT D
lora(req,new_batch) then > {1 G BE RIS AT 55 W running_batch Jy7s W7 G 3l . W generate_new_
12. new_batch.append(req) ; prefill_regs.remove(req) batch K M\ prefill _reqs "R ICHT 19 2 FE 1Y new _batch (7
13.  else 8) AR AR I B new_batch E %5 B X new_barch AT prefill
14. break AT 9~13), EW L, RFE IS 25 W (f7 14~15),
15. if new_batch not full then IR running_batch E53, FWr Z B & 22 917 B9 decode
> BR B SR 0] 2k 52 9 B LAt 19 4 55 i BE R B 7 33K B fH max_cont_decode s DKy 50 Je: 75 75 2L
16.  for each req in hungry_prefill_regs +pre fill_regs do Y & prefill B (A7 17D, WREE T, JHH generate_new_
17. if can_add_req(req,new_batch) then batch M\ prefill_reqs Tl hungry_prefill_reqs T JH E H 1
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Rk B, A schedule _new_batch M\ decoding _reqs Hl
hungry_decoding _reqs F & 1 SRTEF F1 5 25 5 0% 74 5 857 1Y)
4bF decode B B i 3R (£ 25~28) 5 5 W], 4k 42 &b 394 1 1)
XA % ) U Y 5 g AT LA
AR A7 Hbu sk 20 B A 005 1) batch ) 4 T & A% ) 45 259 LoRA
adapter fil KV cache P4 A$8e i, [7) ift mT L ok 36 4% 1 1 119
KNHARAE T BE Ay B B R SR 1

EAS B Ry 2 B 1Y R & R A0 4 B0 IR 45 1 9 2 0K
W CER AR 8 T & K 9H BE S L 40 FIFO Fastserve LA
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IR S FR AT ARG A A 25 K TR B 1 O 1 A IR B

running_batch ({7 30~31),
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Background

As the deployment of large language models (LLMs)
in downstream tasks such as text summarization, machine
translation, and dialogue systems increases, techniques for
efficient model fine-tuning and deployment have become
critical due to the growing size of these models and the
well-known GPU shortage problem. Two main approaches
have emerged: parameter-efficient fine-tuning (PEFT) and
quantization-then-deployment. PEFT, exemplified by tech-
niques like LoRA, involves training small-scale adapters to
align the base model to specific tasks, thereby reducing fine-
tuning costs. Meanwhile, low-bit quantization methods such
as GPTQ and AWQ decrease memory demands and improve
inference efficiency while preserving model quality.

Despite these advancements, existing LLM serving
systems are primarily designed for single-task scenarios. The
increasing need for multi-task capabilities has spurred the
development of systems like S-LoRA and Punica, which
utilize a shared base model and activate different task-specific
LoRA adapters based on incoming requests, allowing for the
concurrent processing of multiple tasks. However, several

challenges persist in multi-task scenarios.

Firstly, integrating mainstream model quantization methods

TR AVRL TR UL ) BURE T IR BB Ak 24 2T 1 U7 i (i DQN
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with multi-task serving systems is problematic. These quanti-
zation techniques require task-specific calibration, making it
difficult to maintain a unified quantized model across multiple
tasks due to the need for different LoRA adapters during the
quantization process. This results in performance issues or
limitations in resource-constrained environments,

Secondly, existing systems cannot dynamically add new
tasks once a model is deployed, lacking flexibility in multi-
task management. In these systems, adding tasks typically
necessitates halting and restarting the serving process, which
compromises stability and robustness.

Thirdly, existing systems fail to address the variations
in workloads across different tasks, such as sequence length
and processing time. Thus, they need to load multiple adapters
and frequently switch between them during scheduling,
resulting in significant inefficiencies.

To overcome these issues, this paper proposes a new
system called MQLserve.

MQLserve introduces an innovative multi-task quantization
algorithm, MLGPTQ, which allows for joint quantization
using multi-task data, enabling a shared quantized base model

across tasks. This algorithm also supports incremental quanti-
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zation for new tasks without disrupting existing services.
In addition, MQLserve employs a novel multi-task
scheduling strategy that predicts output lengths and groups
tasks, which minimizes memory usage and swapping, thereby
enhancing system performance. MQLserve integrates these
features to provide a flexible and high-performance multi-task
serving platform suitable for resource-limited settings.
Experimental evaluations of MQLserve show that, com-

pared to existing systems, MQLserve can handle models 3. 5

times larger, increases average throughput by 30 % under high

load, reduces average latency by 27 %, speeds up response
time by 4. 61 times, and improves SLLO compliance by 5.6
times under normal load compared to existing systems.
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