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What is the optimal transfer quantity of each source task?
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Preliminaries: Asymptotic Normality of the MLE

® The maximum likelihood estimator (MLE) is defined as the maximizer of the empirical log-
likelinood:

/ 1

Q;\-'ILE = argmax — E log P,\';(_)(.’I?)
[ n 4
- rzeD

® Asymptotic Normality: As the sample size increases, the distribution of the normalized
estimation error converges in law to a multivariate Gaussian distribution

Vi (Byee —87) SN (0,7(6) ")

® The Fisher information matrix, which characterizes the amount of information carried by the
distribution about the parameter, is defined as

J(O)> 4 =E [(% log p_\,:(_,) (% log P,\':Q)T] .



Preliminaries: Problem Formulation

e Target task: Training samples XN — {xJ}N0 e X8, -

8 Px;_g_'_, i €[1,K].

e Estimator: The training process is formulated as a parameter estimation problem.
The MLE 6 is obtained using all target samples and a selected subset of source

® Source tasks: Each source task S; has X,.N’ = oz }j='1

samples:
6 = argmax Z log Px.g X)+Z Z log Px.g(x) |-
xeXM i=1 xeX"i
® Objective: Find optimal transfer quantities nj, ..., ni by minimizing the expected

K-L divergence between the true target distribution Px.g, and the learned one P, 5.

ni,...,Me = argmin E[D(Px.g_ ”Px;é)]'

ni,....nK
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Main Results

Theorem (Theorem 1. Single-source transfer with 1-dimensional models)

In transfer between Px.g, and Px.g,, where 8,6, € R and |0y — 6,| = O(ﬁ). Then, the
K-L measure E[D(Pxp,||Px.5)] can be expressed as:

1 1 n? 1 A >

- + t | +o(— |, ,wheret= J(6y)(0; —6b)".

2( N0 _+_ 171 (NO '+' n1)2 ) (NO) ( 0)( 1 0)
W i ~ _J

variance term bias term

Optimal Transfer Quantity: The optimal transfer quantity ny is

(1)

min (Ny, sy ), if No-t>05’



Main Results

In transfer between Px.g, and Px.g,, where 04,6, € R? and ||0g — 0,|| =
the K-L measure E[D(Px.g,||Px.5)] can be expressed as:

diff 1 2 1 (0, — 0,)TJ(0,)(8; — )
S h tA =0 Tom s .
2(N0-|-171+(N0-I-171)2 )+O(No) g d

()

Optimal Transfer Quantity: The optimal transfer quantity ny is

[Ny if No-t <05
1= min(N L) it No-t>05" (2)
1; 2Npt—1 ) » 0 -
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Main Results

Theorem (Theorem 3. Multi-source transfer with high-dimensional models)

In the multi-source setting, we denote s = Z,Kzl n;, and «j = . Then, the K-L measure

can be expressed as:

d No = 1 a0’ J(8,)0a
= 4 t]+ol —),t= :
2 (No Se S)2 (No + 5)2 No d

where o = [o,...,ak]", and ©9%K =[0; —b,,-..,0x — O, ]-

Optimal Transfer Quantities: The optimal quantities n: are obtained by minimizing the
K-L measure. Specificially, we perform a grid search over the feasible range of s, and for
each candidate s’, solve a quadratic programming problem to obtain the optimal & under
the constraint set A(s"). The final optimal pair (s*,a*) is selected as the one yielding the
minimum value of the objective function among all candidate pairs. Finally, we use

nT = s*a;.
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Main Results: Algorithm
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Algorithm 1 OTQMS: Training
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Input: Target data Dy = {(z4,45)}X°,, source data {Dyg, = {(zqu,ygk)}}\:,}f:p model
type fp and its parameters ¢, for target task and {0, } ,’f:, for source tasks, parameter dimension
d. /I z represents the feature and y represents the label
Parameter: Learning rate 7).

Initialize: randomly initialize 0. use parameters of pretrained source models to initialize
{0, 1
Lk fk=1-

Output: a well-trained {,, for target task model fy .
Dyyain — D /l Initialize the trainning dataset by target task samples
repeat - — [ 1se dynamic strategy to train the target task
Livain +— o = £(y', fo,(2")
(yivzi)el)lruiu
Qﬂ — QO = Tlvgoﬁtrm'n I .
O [0, — 0.0, —0,)" 2 Dynamic
'I(QO) > 35 (VQ"£11~«xivl)(VQ‘,Ctrain) : S Strategy
£ _® s 1 5 a 6" J(8,)8a
("‘ s X ) = ar(g "l;“ 2 \ No+s *: (Na+#)2 d =
5.0
K rand
Duviat— 1) {1);.”= Dy, € Dg,,|Dg | = s*u,’;}
k=1
Dyiyain — Dsouree | J P71 /I Update the trainning dataset
until U converges,

The quantities in computing the optimal number of
samples can be estimated from current parameters;

Update the parameters in SGD algorithm with both
target samples and k; samples from source task 7;

Iteratively update the optimal sample numbers and
network parameters.
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Main Results: Dataset of Experiment

Art

Clipart

Real World Product

\ﬁﬂ

Spoon

WG

Sink Mug Kmte

Office-Home

Four domains, each formulated

as a 65-class classification task.

m
|
e
ity

Bike

Kettle

real quickdraw painting infograph clipart

sketch

airplane clock axe ball blcvclc bird strawberry flower pizza bullu’ﬂv

Domainnet

Six domains, each formulated as
a 345-class classification task.
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Main Results: Experiment

Table 2: Multi-Source Transfer Performance on DomainNet and Office-Home. The ar-
rows indicate transfering from the rest tasks. The highest/second-highest accuracy is marked in
Bold/Underscore form respectively.

DomainNet Office-Home

Method Backbhone

—=C =1 =P —=Q —SR =85 Ay —Ar —=Cl —Pr —Rw  Avg
Unsupervised-all-shots
MSFDA[19] ResNetS0 66.5 216 567 204 705 544 484 756 628 848 853 7.1
DATE(9] ResNet50 - - - - - - - 752 609 852 840 763
M3SDA|17] ResNet101 572 242 516 52 616 496 415 - - - - -
Supervised-10-shots
Few-Shot Methods:
H-ensemble[29] Vi'l-S 534 213 544 190 704 440 438 71.8 475 716 79.1  69.0
MADA(30] VI'l-S 510 128 603 150 814 227 405 784 583 823 852 76.1
MADA(30} ResNet50 66.1 239 604 319 754 525 517 722 644 829 819 754
MCWI]ZZl Vi'l-S 549 210 536 204 708 424 439 689 480 774 86.0 70.1
WADN/|20] Vi'l-S 68.0 297 591 168 742 551 505 603 397 662 687 58.7
Source-Ablation Methods:
Target-Only VI'l-S 142 33 232 72 414 106 167 400 333 549 526 452
Single-Source-Avg Vi'l-S 504 221 449 247 588 425 406 652 533 744 727 664
Single-Source-Best Vi'l-S 602 280 554 284 660 497 480 729 609 807 748 723
AllSources U Target Vi'l-S 71.7 324 600 314 71.7 585 543 770 623 849 845 7712
OTQMS (Ours) Vi'l-S 728 338 612 338 732 598 558 78.1 645 852 849 782
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Main Results: Experiment
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Figure 3: Performance comparison with increasing target shots up to 100 per class on DomainNet
dataset (I, P, Q and R domains). OTQMS (blue) outperforms other methods.
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Figure 4: Data efficiency comparison of average sample usage and training time on DomainNet
dataset, the left vertical axis represents the amount of sample usage, with green bars indicating
AllSources U Target data counts, blue bars about OTQMS, red bars about MADA(ViIT-S) and «7ury
bars about MADA(Res50), while the right orange vertical axis and lines represent training time.
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Main Results: Experiment

Table 6: Multi-Source Transfer with LoRA on Office-Home. We apply LoRA on ViT-B backbone for

PEFT.
Office-Home
Method Backbone
—Ar —=Cl —Pr —Rw  Avg
Supervised-10-shots Source-Ablation:
Target-Only ViT-B 59.8 422 695 720 609
Single-Source-avg ViT-B 722 599 826 81.0 739

Single-Source-best ViT-B 744 618 849 819 758
AllSources U Target ViT-B 81.1 660 880 892 8L1
OTQMS (Ours) ViT-B 815 68.0 892 903 823

Table 4: Multi-task performance on four tasks
of Office-Home.

Office-Home
Ar Cl Pr Rw Avg

Single-task Vi'l-§ 66.7 623 R878 686 714
OTQMS ViT-S 81.7 76.0 88.6 875 835

Method Backbone
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Conclusion

® Theoretical Framework: We formulate multi-source transfer learning as a
parameter estimation problem and derive solutions for the optimal transfer
quantity of each source by minimizing a K-L divergence—based generalization error
in the asymptotic regime.

® Algorithm Design: We develop OTQMS, a dynamic and data-efficient algorithm
that iteratively updates transfer quantities using empirical Fisher information,
enabling adaptive resampling and improved target model training.

e Experimental Results: Experiments on DomainNet and Office-Home
demonstrate that OTQMS achieves higher accuracy and better data efficiency than
state-of-the-art methods, and remains robust under different shot settings and
architectures.
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Thanks for your attention !

https://github.com/zqy0126/0TQMS



