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Formal Modeling and Experimental Evaluation for Multi—-Agent
Collaborative Software Development

YAN Yawei, WANG Dongsheng
(Department of Computer Science and Technology , Tsinghua University, Beijing 100084, China)

Abstract: Addressing the challenge of high—quality scheduling of dependent tasks in multi—agent collaborative software development, which
is hindered by unknown, heterogeneous, and noisy agent capabilities, we construct a five—tuple formalized model S =<T, A, F', M, Il >
from a software engineering perspective, encompassing task decomposition, capability mapping, and feedback optimization. We propose an it-
erative scheduling algorithm, BayesSchedule, driven by Bayesian capability learning as its core and with UCB exploration and matching
threshold as an optional enhancement module. The experiments are based on the Pegasus real-world workflow benchmark and the Bernoulli-
Gaussian failure model. Five sets of simulation experiments are set up, covering scale, noise, and structural conditions, and are compared
with three online learning baseline methods: UCB1, Thompson Sampling, and QL-HEFT. The experimental results show that after 100 itera-
tions, the capability estimation error of BayesSchedule drops to 0.01. The total scheduling cost is basically on par with the theoretical optimal
benchmark Oracle. The total task duration (makespan) is reduced by 10.0% compared to HEFT, and the total cost is reduced by 30.2%,
28.3%, and 67.9% compared to the three online learning baselines, respectively. The research results validate the effectiveness of the feed-
back mechanism F and scheduling strategy IT in capability uncertainty scenarios, and provide a formalized basis for multi—agent collaborative
software development to evolve from "tool assistance" to "capability orchestration".
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Table 1 Default parameter settings for simulation experiments
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HS 56 s AL AT R 1 BRARUGT B E 4R

JE 8500 FEOR 4 KP4 A : O BliA . THREA
KN Cost=3.C,, Fi T i i 58 i 4= AT 55 1) 52 U5 T R 5 @0
T A XK makespan=max FT,, J] T 5 5 01 H 8 (&
SERU ] s @ik A . THRA R VR=I1i: FT>deadline}V/
n, T it deadline 2 5O G 00 s @A THiR 2 . TR
N Err=(1/mk )ij_dl,uj"—cjdl T2 RE AR BE G
H5 BRI Z AP m 25 . Bk bt [R) 7 55 AR |
) | 2 SR S N2 TR RE 4 AR
53 XWHERSHWH
5.3.1 I ALK ARRILALR 2

S A AL BT SRS [ 8 AT 55 ML FN DAG 4544
AR ALK 2 5 ) A R AR m, LIS B R AR
Bl m 172 A3 [A] B, %5 %2 BayesSchedule 75 A~ [A] ] BA
KA (U8 B2 0T i, R 22 04 8 AR A R 5 5L B Al R T 4
B R BE AR, A R 2 DR O R T T A 00 PR K £ 3 A
%€ n=100,p=0.15, 0 =0.05, % 1k 2 GE K ¥ me {5, 10,
201 . KINBHBEAEARFE m (A FHERER bR, ATUE
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WA 6 673.5F % 1 747.8, s T A 17531 [ % 113.88,
Ui A B HERE 08 BT AT UMEI 25 o 75 BT A 8 e i L
T, BayesSchedule ) SR AS I 5 Oracle F A 35 (Ul m=
20 0 1 747.8 %F 1 747.6) , fig J1 Ak 112 22 R 45 7E 0.01 1
%% . LLm=10 M1, BayesSchedule [ E A (3 548.4) #H%E
UCB1(5 734.0) . Thompson Sampling (4 996.3) Fil QL-HEFT
(11 795.9) 43 Bl B A% 24 38.1% . 29.0% 5 69.9% , 3 W “ i &
I8 J5 1 +UCB ¥R K +4 J5) DAG 8 J& 7 B9 2H & 76 B8 1 R0
Y N HAESWEOF4ERF IR E Bt . BayesSchedule 75 m=
10 F1 m=20 i (143535 SR 43900 4 0.618 #110.352, YK F HEFT
Fo3AAEL A 2 H L U AL S A AR B AE BUAF T35
I IMAIRFE deadline 29903 R RGE S I
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SUREME . 7E 100 R T R4, BayesSchedule 14 U1 I 5
55 AN W2 AT 14 SO0 I S8 - T % e AR R T A 1T
IR B T o G VR R B A, i % I O M LS
10 Oracle -7t FHEHLZ T AN HLAS 24 2T R T (1 X BEAE
% (Random , Greedy \HEFT) ) % BE 1 75 100 YR %A% H PR 4F
TR, X — 2R O LR A X HE SR BRI 15
BLI b AR B B EEESE . [ n=100 .m=10,p=0.15 .0
=0.15, & 1 AR PV A8 100 Wk J3 47 T 82 v A 8 B A
A BB AL TR 22 Sl ORIk . AT LB H, BayesS-
chedule 7E R 20 KA LK RE 1Al T TR 22 K 0.49 Pkl f 2
0.05, 257 100 KL ACHTHE— 20K 2 0.01, 22 B SIUR:

Table 3 Performance indicators of various algorithms under differ-

ent m values

£3 BEFESEmETHEREIER

m Hk SR ST dEROR fihiRz
5 Random 9051.0 216.50 0.870 0.508
5 Greedy 7831.1 205.30 0.873 0.508
5 HEFT 7989.6 199.19 0.872 0.508
5 UCB1 8991.6 212.75 0.893 0.398
5 Thompson 7921.8 195.93 0.868 0.639
5 QL-HEFT 13 484.1 248.03 0.894 0.739
5 BayesSchedule 6 673.5 175.31 0.872 0.009
5 Oracle 66259 174.53 0.872 0.000
10 Random 5719.7 186.00 0.726 0.493
10 Greedy 4189.7 173.46 0.651 0.493
10 HEFT 43123 162.01 0.672 0.493
10 UCBI 5734.0 200.58 0.817 0.385
10 Thompson 4996.3 168.74 0.743 0.664
10 QL-HEFT 117959 234.84 0.853 0.778
10 BayesSchedule 3548.4 142.68 0.618 0.011
10 Oracle 3520.4 142.16 0.621 0.000
20 Random 3651.1 161.09 0.546 0.486
20 Greedy 2284.1 141.87 0.390 0.486
20 HEFT 2 280.5 131.69 0.403 0.486
20 UCBI1 2964.8 212.06 0.640 0.383
20 Thompson 3053.1 144.42 0.559 0.657
20 QL-HEFT 10 200.5 220.11 0.825 0.763
20 BayesSchedule 17478 113.88 0.352 0.014
20 Oracle 1747.6 113.42 0.351 0.000

P s BURASE T, JF fc 25 Oracle JEASEF-, 5 T W
WEREAL, BRI R, BayesSchedule 7 27 > 2 ##
BT Oracle KF-, 3 B RAL T A HAG RUABt 7~ BE 1 1Y
RS IR, U B DL 307 5 56 SR AN A G T AR A T,
HAETH T deadline 29 50T A9 BERSR 2 PR o 1E A% ], Ran-
dom , Greedy Fl HEFT 9 68 JJ Al 1115 22 4 245 B AE W 46 1Y)
0.49 fif i, ik 22 Bk 35 o X — S BR L B IR SE 11
REFETIoR T RS AL F RO 7EL 2 2T By, i IE I BEAE 22
e
533 SZEC.RBEFHR

9240 B 78 MK P B0 E T R L 102 51
J1o SR AESEBR Z R REIR R GE B REM A R BT BE A
TR NGRS AN TR e TS TR N T 2 2
BayesSchedule 7E A [] W 75 56 B2 N i385 I B8 ), B4 80 Re 4
I BEHLIERG W, DUt o) R AT BEA Bl s, A&
WSV T2 A 07 % < [ 5E n=100.m=10,p=0.15 , {7
fLHE F1 75 0 10.05, 0.15, 0.30f , H 0=0.05 1% £ 4N
T R B M (282 GO 1 & PSS ), 0=0.30 3R i &
W B B RE MR (s ] LLM 7EAS R G 2R 90, 38 52 R
DA TR] o (BT 2 RE AR 9 1 B 1R AL R B8 R VP4 S it ML P
FRIR RS G W BE ) o (BLASHTE RS2, MRS S8 o TR SE BRIV
BT B A B S BN o R 2 TR AN
P % PR Re A , AR R o AUl 1 i 5T 6 A X AR 5 8K
R o X I8 A DR o 5 A A, A T 0 LI 203 A
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Fig.1 Convergence curves of scheduling cost, capacity estimation error, and violation rate for representative algorithms

B1 KREREEENFAENE GENGITRESE R ERS &

WIAE 55 B R B = E AR Pk o 38 4 0 & B8 VA A6 K ] g
FOKE T ERE LR . ATLLE W, M o M 0.05 3 =
0.30, BayesSchedule i 88 J £l 1% 22 M\ 0.003 *F- 2% |- T+ =
0.032, (H IR 2 IR T B A A 22 2 fig g sl e i =X e ) g
BB KL 28 (Random/Greedy/HEFT #2 5E 7F 0.493, QL-HEFT
{135 0.764) , B DL E 37 5 56 76 = e T B s,
HA&RIFngme s &t . 7 S84 I, BayesSchedule =%
B Oracle (2284351298 0.3% . 4.6% .1.9%) , - &1
F UCBI1 ., Thompson , QL-HEFT 3 28 7E £k 22 ) FE 24k (Wl o=
0.15 43 B FAAK 27.5% . 25.1% 64.8% ) . (B A58 i S , A
S rh A SR ) R T B R K, O R TR T T O
BHERKOTERTE. AT, Greedy 5L H 4l 53
DUCAE B AR S5 U5 (L ILRE Al 115 22 1 245
B TE 0493, Tk LB W H RS, X E M 2 T
BayesSchedule“BE2# 54 SCIH AL 7 L5
534 FID.HERERE

Hi RS2 B1E T BayesSchedule 544 (47 Z0ME  (H AR X
O3 AL ST STk . TH RS ISR PP AG B ek b s A
A0 ST TR A4 B A bR U T , HOGHRAE T R AN B — 1
A, PR A AL ARAS | TR 1 B8 A8 1h 1 J5 PRUAE 1 05
K TR bR By AL o TRl SE IR 25 3 L3R 5, il i Rk B B
BayesSchedule 1400 20 14 , (45 DU 122 2] (UCB R & K
W 1T D e 5 {1 240 B, Of Ak 45 AL 1 o e PR RE A BTk,
LIRS A SR . BRI I 3T Al AR
& : wlo Learning. %R bR DLt J5 55 58 B AL L
AEAARRE T Al R AR FE P IR JE B0 (8 (0.5) , B kR Ak oy 2
F 1 2 S AR E HEFT P8 ; @w/o UCB, %A IR EE I
-2 ST AR AL B UCB 4R Z M, Il A8 /5 38 24
M 3E A o2, TR AL R 400U B A 35 @wlo
Threshold. %78 RBSBRAE 71 VC e B9 {E 0 19 L5, SR V/FRHAT:
F TG AT B BRI A A RE STV BE . it % — b
BRGSO B VERE 2215, AT LA B A AL )
M7 TTHR . N S TR, DU ST 2 o 21 R 1Y) BTk B ol B
BB IE B R A [F 2 Se K HEFT, BUSAC B 7 321.2

Table 4 Performance comparison of various algorithms under differ-
ent noise levels

R4 BEEETRBREKETHMERILER

o Ak SURA BT ERR s
0.05 Random 10 004.4 284.52 0.645 0.493
0.05 Greedy 7087.4 255.48 0.548 0.493
0.05 HEFT 6799.9 238.28 0.568 0.493
0.05 UCB1 8791.2 282.92 0.726 0.384
0.05 Thompson 8 164.1 260.20 0.609 0.843
0.05 QL-HEFT 17729.5 351.36 0.878 0.764
0.05 BayesSchedule 5980.3 222.60 0.551 0.003
0.05 Oracle 5960.7 224.21 0.554 0.000
0.15 Random 10 063.9 285.35 0.650 0.493
0.15 Greedy 7127.0 256.16 0.552 0.493
0.15 HEFT 6 846.0 238.94 0.572 0.493
0.15 UCBI1 8674.8 284.85 0.724 0.383
0.15 Thompson 8392.1 261.83 0.627 0.665
0.15 QL-HEFT 17 865.8 352.86 0.880 0.764
0.15 BayesSchedule 6285.1 221.52 0.555 0.010
0.15 Oracle 6 008.5 224.80 0.558 0.000
0.30 Random 10239.4 287.71 0.665 0.493
0.30 Greedy 7250.5 258.13 0.563 0.493
0.30 HEFT 6980.4 240.82 0.584 0.493
0.30 UCBI1 8671.2 286.51 0.722 0.391
0.30 Thompson 8135.8 264.53 0.623 0.461
0.30 QL-HEFT 182455 356.90 0.886 0.764
0.30 BayesSchedule 62722 226.44 0.567 0.032
0.30 Oracle 61583 226.69 0.570 0.000

T2 8 227.3, 34K M 12.4%, 2 T Wi 247.91 7+ & 275.94,
fili 1% 22 45 B 72 0.493 , Ui B B 7 J= 50 58T 2 1k R 2 T 1Y
bR, MILZ T, BB UCBIRER G S A2
-0.4% , B BRVEIE B 6 )5 45 1 5 5 B AR 58 42— 3, 3R W
FEBRIN 1 000 genome T AR Al 0=0.15 &% & T~ , HEFT SC 4
FEARAC e O R 2O VR, UCB BAMAR 5 H(E2)
WY BR TTRRE N

R RE— B UCB ¥R 2R 5 VU IC 1 (R AR AN ) T AR &b
iy 55 W P KPR B PR STk, A A SE 5 D g LA _E b
R T 44E A R LL 1000 genome (A X Ji °F- | IFAT
WL WA T AR ) A Montage (ELAT 35 B AR HH AR 58
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Table 5 Ablation study results
x5 HELBER

Ak SAR BT bRz A%
SEHERLTR 7321.2 247.91 0.011 —
w/o Learning 82273 275.94 0.493 +12.4
wlo UCB 7290.8 248.98 0.010 -0.4

w/o Threshold

WA TAE L) A WX B D, 43 B 7E 0=0.15 Fl =0.30 P
AN P KPR EA T DU AR AR Rl 2 16 ZH 0] R (2 20 Y
SLASERENLRN ) . AR AR 6. APFEIH R SIS N 1
N REEIG . Ho— TEFTA 4K 5 T BBk DLt 3
) B S BONA 3 BT, U R TR 9 AR 45 44 (Mon-
tage) |, DU Hip 2% 2 (19 31 B 5T 8k AL 1 000 genome I [
9.36% BRI+ 28 23.13% , 3 IAT: 55 M6 235 1 Bk i | 54T 55
S HEWT R (B O, 3 S T SRR T AR i b T AR 55 ™
HARE AT 4 R MER B0 BE ) Ak T RE e S i B R
BEIC 3 H . B BR UCB PR 5 R BRI IE B {H 6 7 4 1> 57
() RA AL AL I TR +1.4% LAY, Foh DEIC R (ELAE 42 i 7 5 1
K51 24 0% , UCB PR ALAE P~ 375 5 1 W 52 1E [] 52 ik i 7
TINS5 T W S A ] o SR U RS CGRRIA 3 5
a4kl vl LS 2518 « DU 7 2% 2] J& BayesS-
chedule ({10088 3 77, 1 UCB #3815 DG e 59 {6 1 7] i
Hagm B | 7E AT 5T MK ) Pegasus AR 4 STk 3/ o
PR A S PR B v, PRSI fg A o DU Jr272 ] + HEFT
T ) e /N RE T A/ 8 2 T B L TR B A 55 g
28 e W R 55 2 A A AT 55 TR 37 5 T AR B UCB A D ] i
T, LA TR B R R T 3K
Table 6 Supplementary ablation study results
F6 HFEHBMEWER

7321.2 24791 0.011 0.0

il A
7 /%
7368.6 24563 0.011 —
1000genome, 0=0.15  w/o Learning 8 058.7 270.87 0.493  +9.36
1000genome, 0=0.15 w/o UCB 74549 249.08 0.010 +1.17
1000genome, 0=0.15 w/o Threshold 7368.6 245.63 0.011 0.00
1000genome, 0=0.30 Full 7630.6 247.81 0.033 —
1000genome, 0=0.30  w/o Learning 8 204.8 273.03 0.493  +7.53
1000genome ,, 0=0.30 w/o UCB 75256 24582 0.032 -1.38
1000genome, 0=0.30 w/o Threshold 7 630.6 247.81 0.033 0.00
Montage, 0=0.15 Full 3554.0 144.19 0.011 —
Montage, 0=0.15 w/o Learning 43762 159.59 0.493 +23.13
w/o UCB 3561.0 136.84 0.010 +0.19
Montage, 0=0.15 w/o Threshold 3 554.0 144.19 0.011 0.00
Montage , 0=0.30 Full 37469 144.64 0.033 —
Montage, 0=0.30 w/o Learning  4522.8 161.85 0.493 +20.71
Montage , 0=0.30 w/o UCB 37298 14656 0.032 -0.46
w/o Threshold 3 746.9 144.64 0.033 0.00

Y EAES B BT

1000genome, 0=0.15 Full

Montage, 0=0.15

Montage, =0.30
535 FIHEAESHETY L

S A-D A [ 5N B AR AR B AT 55 R T R I,
S B D)3 o K B AR A 55 Kl oK 75 %€ BayesSchedule
ERAEAN R TR AU (Y 1 i 7 RN B2 o i 1R A T 10
LSBT VPAL B AR SE BRI K i S M G

B PR Tl R I H B AT 55 200T B AT A~ (VA )
AEEAR) BVECE A (RBURA B AT ) ASE o BT S5 LM n=
50 78 1k 5 n=200, 7] IiF [ 5 B BE A m=10 W 75 K- o=
0.15, VAN 45 553k B AR LB T3 AN e e i A8 fh ke 3 o
X — AR e A 5T 55 B He BN 1:5 28463 1:20, 7]
DAk A AR IR . R T W& HIRTEAR
[FT 55 AR R R PERe b3, WTLAEH, BayesSchedule TEAN
AT 55 WA R R385 Oracle BOPERE : n=50 B} B8 Ky
1 081.2, &AL T Oracle 1 1 101.957=100 F1 n=200 i} 55 Ora-
cle (R ISA 22 B 53 1 29 0 1.0% F10.2% , & 1 Al 1R 22 0145
TE0.01 & . FfiZ n M 50 34 i = 200, BayesSchedule #H
BCHEFT 09 8 AL F AR 52 E L n=200 I 4y 46 928.5 X
54 053.9, [ 2 13.2%, W T W1 1 676.24 B 5 613.65, it
BT 55 LA R 4 4% e B ok i B e B i B Ak . 7EiE
S ERT7 M, BayesSchedule 78 n=50,100,200 i 4351 4 0.328
0.582 F10.801, BIMIX T HEFT J 3 JAE Lk > 34k, 15 Or-
acle BEACKE Y- o T EEULII 192 , deadline Fi¢ FL LGS R AR (R
SEUEE , 4 i Bz R B AR AR 3 R #E AR | T, {H BayesSched-
ule IR LAERFTEBET BIE [ B Oracle AU7KF- , 8 B H 2 o6
FERE I R 55 AR AR ENE . TR S A
A, n=200 X b A0, 75 Hif g S i R 55 KU R IE A% (AP
Fe 11 BTN A A R A BT A BT 55 Y v S A
RRAS % A1, BayesSchedule 1} B8 £ 15 4% iIT Oracle 4 1 & 5
i, RWIZE B b B A5 Tl 9005 3 i HEARE )

Table 7 Performance comparison of various algorithms under differ-

ent task scales

F7 BEFEARBESAETHMERELILER

n Ak SRR BT ERE iR
50 Random 23779 147.01 0.507 0.493
50 Greedy 14755 129.45 0.403 0.493
50 HEFT 1369.6 121.14 0.381 0.493
50 UCB1 1653.1 138.46 0.512 0.385
50 Thompson 1807.8 128.16 0.531 0.662
50 QL-HEFT 3694.4 166.51 0.767 0.766
50 BayesSchedule 1081.2 102.16 0.328 0.015
50 Oracle 1101.9 101.72 0.326 0.000
100 Random 12 557.5 332.79 0.691 0.493
100 Greedy 9077.8 292.23 0.586 0.493
100 HEFT 8227.3 275.94 0.614 0.493
100 UCB1 10 135.5 320.94 0.752 0.384
100 Thompson 10293.7 284.76 0.717 0.663
100 QL-HEFT 20721.6 396.47 0.880 0.761
100 BayesSchedule 7321.2 24791 0.582 0.011
100 Oracle 72492 245.48 0.580 0.000
200 Random 62 889.1 748.90 0.845 0.493
200 Greedy 49 062.5 649.35 0.798 0.493
200 HEFT 540539 676.24 0.822 0.493
200 UCBI1 54 739.7 757.02 0.898 0.384
200 Thompson 54 180.5 642.31 0.866 0.664
200 QL-HEFT 106 941.4 935.56 0.930 0.764
200 BayesSchedule 46 928.5 613.65 0.801 0.009
200 Oracle 46 824.4 606.79 0.799 0.000
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Fig.2 Summary performance heatmap
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