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Learning from Neural Tangent Kernel Perspective

Xiaohan Qin, Xiaoxing Wang, Ning Liao, Junchi Yan®
School of CS & School of Al, Shanghai Jiao Tong University
Shanghai Innovation Institute

Task-specific Heads

o> I Imbalanced Training Balanced Training
L —— (w/o NTKMTL) (w/ NTKMTL)

w
. TaskE convergence speed XO| 2 L& task/} I | o | K

Training Progress Training Progress

. 2H 4

=L A O =] L_ . | e | Task imbalance Problem & Goal | —
9‘ EE X‘ H|- O -: taSk Imbal ance7|- HEI-AOH |-D:| ] 2 Extended NTK Matrix for MTL J
NTK of Each Task —-——c - 10? Spectral Analysis Convergence Speed
r— = —1- 7: — K® K@ KD ?- ; “”]; ) B}, Task1 [ Fast
7 _E_ IOSS E 9‘ i EOI: Dl_l- 2 E E O ‘ E xo_l EI- O ‘ : _l O |- 7 ‘ Ei;—: | ' Ry g E-.-- T éw" J:N!-IIHM —>  Task2 ir ] | Medium
B "'m'::' -5 " 2 :i \ :: T _n_ Task T | E Slow
O- Eél El‘ . : ‘ Index

Analyze Training Dynamics & Convergence Speed via NTK

N ( Y
e NTKMTL: Reweight Tasks Based on NTK e NTKMTL-SR: Efficient Approximation w/ Shared Representation

NTK-based T Shared Representation Approx. NTK NTK-based
Task Weights »Lmss—l] (Approximation) (One Backprop) Task Weights
\ ] ?
[ : oed

(] - a

| W | v’ Update b /5 [ wa | - - Update
—>| Loss2 Total L —» Y . —> Wei —
wa j}—b[ otal OSSJ e El'l ﬂ ; W | Weighted Loss J &
| Wr - LossT Wr
G'p Task Imbalance NTK Analysis: NTKMTL: Weight Tasks NTKMTL-SR: Efficient Approximation
&7 & Motivation Extended NTK & Spectral Analysis by NTK-based Analysis using Shared Representation

QEE_S Robot Inteligence Learning & System




y

NTKMTL: Mitigating Task Imbalance in Multi-Task
Learning from Neural Tangent Kernel Perspective

Xiaohan Qin, Xiaoxing Wang, Ning Liao, Junchi Yan®
School of CS & School of Al, Shanghai Jiao Tong University
Shanghai Innovation Institute

- S48 B HE
. ZF task 2| training dynamics= NTK eigenvalueZ =45t taskE Z|CH eigenvalue A, 0| [Ttk
loss weightE =7d 2.

QELS Robot Inteligence Learning & System




y

NTKMTL: Mitigating Task Imbalance in Multi-Task
Learning from Neural Tangent Kernel Perspective

Xiaohan Qin, Xiaoxing Wang, Ning Liao, Junchi Yan®
School of CS & School of Al, Shanghai Jiao Tong University
Shanghai Innovation Institute

R

E®)=0(t)=y — E(t) = e "8tE(0)
K = QAQ' - QE(t) = E(t) =e "*"Q'E(0)
NTK 7|8t gradient flow0i| A] prediction error= Cr&1f £0| &4 agt

— = eigenvalueE 7%l task= HEA|, &2 eigenvalueE 77 taske= =2| A =&

ﬁﬂi_g Robot Inteligence Learning & System



y

NTKMTL: Mitigating Task Imbalance in Multi-Task
Learning from Neural Tangent Kernel Perspective

Xiaohan Qin, Xiaoxing Wang, Ning Liao, Junchi Yan®
School of CS & School of Al, Shanghai Jiao Tong University
Shanghai Innovation Institute

« Contribution

1. NTK 2™ 0| A MTLE| task imbalanceE O| 22X o2 M T

2. NTK eigenvalue 7|2t task weighting 22 A| ot

3. Shared representation2 2 NTKE ZASt= 258 @l NTKMTL-SR A| ¢t

4. Supervised MTLZ} Multi-task RLO|M H& A5

ﬁii_g Robot Inteligence Learning & System




LDC-MTL: Balancing Multi-Task Learning through Scalable Loss
Discrepancy Control

Peiyao Xiao®* Chaosheng Dong” Shaofeng Zou® Kaiyi Ji*®

rT——

ECCV 2026 6

QHS Robot Inteligence Learning & System https://arxiv.org/pdf/2502.08585



https://arxiv.org/pdf/2502.08585

LDC-MTL: Balancing Multi-Task Learning through Scalable Loss
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