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Progressive multi-task learning via constrained optimization

Qiu Jidong Lin Ze Yu Jing Guan Jiaxing Wang Yabin
(The 28th Research Institute of China Electronics Technology Group Corporation, Nanjing 210007, China)

Abstract: With the extensive application of multi-task learning in complex business scenarios such as intelligent
recommendation and autonomous driving, the handling mechanism for heterogeneous task priorities has emerged as a
critical bottleneck constraining model performance. Existing approaches predominantly rely on empirical strategies of
linear loss function combination, which suffer from dual deficiencies: First, The manual parameter-tuning paradigm for
task weighting leads to combinatorial explosion in hyperparameter search space as task quantity increases; second,
gradient competition among tasks induces negative transfer effects that significantly erode the performance boundaries
of high-priority tasks. To address these challenges. this study proposes an innovative constrained optimization-based
progressive multi-task learning method. By encoding task priority structures into inequality constraints. we formulate
an optimization paradigm with strict priority guarantees. A constrained optimization framework is established through
Lagrangian duality theory to ensure that the performance lower-bound constraints of high-priority tasks remain
unaffected by secondary task optimization processes. Meanwhile, a progressive gradient projection algorithm enables
dynamic adjustment of constraint spaces. Theoretically, we provide convergence guarantees through non-convex
optimization theory. Experimental results on public datasets demonstrate that our method enhances the performance of
secondary tasks while ensuring the stability of high-priority tasks, establishing a novel theoretical framework and
technical pathway for multi-task learning.

Keywords: lagrangian multiplier method;constrained optimization;task priority; multi-task learning
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TR IR 2R I 3 AN HERE R IT 4347 - 1 i I Je ST 55 PR e AR
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K, HAF 3594881 0. 15%6~0. 36 %05 2) IR EEAT 45 W M 4L . 1k
BT 45 W 46 bR 4R T B (0. 02%0 ~0. 23%0) A FE S T ik
EGFE N HoR DL AT S R AN . (58 MTL 5 ik
IR ACAE 55 52 7 AL S AL 55 PR LT R A, il
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XF RO bR AR Bl 55 75 5K 5 3) B4 AL R ALAR N « 52 5
% 19 Shared-Bottom .OMoE Fll PLE 4% 3t 28 55 /U & 75 ¥
AT 45 K B8 8 PR B (Like AUC 3=>0. 9) . 3 3 % 5%
2 BV BE RALAR - /N IR B IO 75 R B R I AR AR BT, L
AR NME BE 2 i TR RE AL R IR 4R T .

g5 b WA R S e 45 R FE e E T CML FE 28 7
ZAT: 55 2 20 B O TR O Ak <0 5 e 0 o 3 O L AE e AR R
1 55 P BEAT S 32 52 W 1) i Atk 1200E 4858 5 A 40 1 29 R
AP AR AR F TR EAT 55 e R .
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Table 1 The comparison experiment results of TikTok
LAY g7 T CML(HME R A CMLOE HREE BAEE/ % 95 % B F XA pa
Finish AUC 0.761 3£0.002 1 0.761 9%0.001 8 +0.06  [0.7608, 0.761 8] 0.021
Finish PR-AUC 0. 735 6£0.003 2 0.737 24£0.002 9 +0.22  [0.7331,0.739 1] 0.009
Finish F1 0.712 440.002 5 0.713 540.002 3 +0.15  [0.710 2, 0.714 6] 0.018
Shared-Bottom
Like AUC 0.904 840.001 9 0.908 440.001 7 +0.36  [0.9035, 0.906 1] 0.003
Like PR-AUC 0.892 540.002 4 0.896 1£0.002 1 40.40  [0.890 1, 0.894 9] 0.001
Like F1 0.881 240.002 2 0.884 540.001 9 40.37  [0.879 0, 0.883 4] 0.002
Finish AUC 0.762 3+0.002 0 0.762 7+0.001 8 +0.04  [0.7619, 0.762 7] 0.035
Finish PR-AUC ~ 0.736 840.003 0 0.738 5+0.002 8 +0.23  [0.7352, 0.738 4] 0.008
OMoE Finish F1 0.713 540.002 4 0.715 1£0.002 1 +0.22  [0.712 6, 0.714 4] 0.007
Like AUC 0.907 240.001 8 0.910 740.001 6 +0.35  [0.906 3, 0.908 1] 0.002
Like PR-AUC 0.894 240.002 3 0.897 840.002 0 +0.40  [0.893 0, 0.895 4] 0.001
Like F1 0.883 1£0.002 1 0.886 740.001 8 40.41  [0.882 0, 0.884 2] 0.001
F2 QK-Video HIEEXLE LW HR
Table 2 The comparison experiment results of QK-Video
FR & b5 Jo CMLOAME EREZ) A CMLOAE AR BIIERE/ % 95 % B 45 X pH
Click AUC 0.912 640.001 5 0.912 840.001 4 40.02  [0.912 0, 0.913 2] 0.048
Click PR-AUC  0.901 540.002 1 0.902 340.001 9 40.09  [0.900 8, 0.902 2] 0.027
Click F1 0.893 2+0.001 8 0.894 5+0.001 6 +0.15  [0.892 5, 0.893 9] 0.012
Shared-Bottom )
Like AUC 0.941 8+0.001 2 0.942 540.001 1 40.07  [0.941 3, 0.942 3] 0.009
Like PR-AUC 0.932 640.001 7 0.933 8£0.001 5 +0.13  [0.9318,0.933 4] 0.005
Like F1 0.925 140.001 4 0.926 840.001 3 +0.18  [0.924 5, 0.925 7] 0.003
Click AUC 0.912 240. 001 6 0.912 240.001 5 40.00  [0.9115, 0.912 9] 0.063
Click PR-AUC  0.901 240.002 2 0.901 840.002 0 40.07  [0.900 3, 0.902 1] 0.039
PLE Click F1 0.892 8£0.001 9 0.893 6£0.001 7 +0.09  [0.8920, 0.893 6] 0.029
Like AUC 0.943 5£0.001 1 0.943 8+0.001 0 +0.03  [0.943 1, 0.943 9] 0.018
Like PR-AUC 0.934 1£0.001 6 0.934 940.001 4 +0.09  [0.9335,0.934 7] 0.008
Like F1 0.927 340.001 3 0.928 540.001 2 +0.13  [0.926 8, 0.927 8] 0.004

JE AL ST A CML HESE R 5 1951 =2 5 L R AR 1L
SRR 3 PR

DZECR T8 CML ALGE i BLA% B H 3l 7 52 3
PIHACAL T AR AE S B R T ARSI 9 2% )2 B8R 22T
RS HOR R 5 2 B R 58 & — B i T BRI A
2) Y ZREs} o) 398 8 T 455 . 51 A CML S, VIl 2 B[] 37 2 3% i
2.34%0~3.66% IR T BR B 5 T R A IR i

PR Bebp B3 Gl 7 B0 BE 1T 5 157 B B0 AR (nF )
SLIREE OC1)) R IR AR 31 53 300 4 52 5 19 748, 75 45
PR ZR G I G BRI SR 5 3) HE B AR TG B ARk HfE
B B IO 7 BEAT e T 5B 5 B B TR AU U U R
AT 2B DR b A L (1] B AR T 1Y I

£ I CML HEZRAE 52 Bk RE 32 T 09 [R] i R 51 A 3%
(52 2% BEJT 4 L AR BT T BLE BR k5 TR S I .

R3 HEEZEN
Table 3 Algorithm complexity analysis

B SR (X100 I/ Cheepoch ) B FE A HE BT ]/

Jc CML £ CML Jc CML A CML Jc CML £ CML
Shared-Bottom 128. 6 128.6 0. 82 0. 85 1. 23 1. 23
OMoE 156. 3 156. 3 1.05 1.08 1.58 1.59
PLE 178.2 178. 2 1.28 1.32 1.82 1. 82
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Fig. 3 Dynamic changes in the algorithm optimization process
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Fig. 4 Fluctuation of the Finish task loss around the optimal value
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Fig.5 Fluctuation of the Like task loss
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