
Weak Adaptation Learning:
Addressing Cross-domain Data Insufficiency with Weak Annotator

Shichao Xu *, Lixu Wang *, Yixuan Wang, Qi Zhu
Northwestern University, Evanston, USA

{shichaoxu2023, lixuwang2025, yixuanwang2024}@u.northwestern.edu, qzhu@northwestern.edu

Abstract

Data quantity and quality are crucial factors for data-
driven learning methods. In some target problem domains,
there are not many data samples available, which could
significantly hinder the learning process. While data from
similar domains may be leveraged to help through domain
adaptation, obtaining high-quality labeled data for those
source domains themselves could be difficult or costly. To
address such challenges on data insufficiency for classifica-
tion problem in a target domain, we propose a weak adap-
tation learning (WAL) approach that leverages unlabeled
data from a similar source domain, a low-cost weak an-
notator that produces labels based on task-specific heuris-
tics, labeling rules, or other methods (albeit with inaccu-
racy), and a small amount of labeled data in the target do-
main. Our approach first conducts a theoretical analysis on
the error bound of the trained classifier with respect to the
data quantity and the performance of the weak annotator,
and then introduces a multi-stage weak adaptation learning
method to learn an accurate classifier by lowering the error
bound. Our experiments demonstrate the effectiveness of
our approach in learning an accurate classifier with limited
labeled data in the target domain and unlabeled data in the
source domain.

1. Introduction
Machine Learning (ML) techniques, especially those

based on deep neural networks, have shown great promises
in many applications, to a large extent due to their abili-
ties in studying and memorizing the knowledge embedded
in high-quality training data [12]. Having a large number
of data samples with accurate labels could enable effec-
tive supervised learning methods for improving ML model
performance. However, it may be difficult to collect many
data samples in some problem domains or scenarios, such
as for the training of autonomous vehicles during extreme
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weather (e.g., fog, snow, hail) and natural disasters (e.g.,
mudflow), or for search and rescue robots during forest fire
and earthquake. One possible solution to such problem of
data unavailability is using data from other similar domains
to train the target domain model and then fine-tune it with
limited target domain data, i.e., through domain adaptation.
Taking the aforementioned cases as examples, while there
may not be much data in hailing weather, we could collect
data in days with heavy rain; while it may be difficult to
find images during earthquakes for large parts of America,
we could collect images in Japan, where earthquakes occur
more often in a different environment. However, obtaining
a large amount of high-quality labeled data in these source
domains could still be challenging and costly.

To address the above data insufficiency challenges across
domains, we consider leveraging low-cost weak annotators
that can automatically generate large quantity of labeled
data based on certain labeling rules/functions, task-specific
heuristics, or other methods (which may be inaccurate to
some degree). More specifically, our approach considers
the following setting for classification problems: There is
a small amount of data samples with accurate labels col-
lected for the target domain, which is called target domain
data or target data in this paper for simplicity. There is
also a large amount of unlabeled data that can be acquired
from a similar but different source domain (i.e., there ex-
ists domain discrepancy), which is called source (domain)
data in this paper. Finally, there is a weak annotator that
can produce weak (possibly inaccurate) labels on data sam-
ples. Our objective is to learn an accurate classifier for the
target domain based on the labeled target data, the initially-
unlabeled source data, and the weak annotator.

The problem we are considering here is related but dif-
ferent from Semi-Supervised Learning (SSL) [39, 9, 23]
and Unsupervised Domain Adaptation (UDA) [24, 8, 47, 7].
In the setting of SSL, the available training data consists of
two parts – one has accurate labels while the other is un-
labeled, and the two parts are drawn from the same distri-
bution in terms of training features. This is different from
our problem, where there exists domain discrepancy across
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the source and target domains. The objective of UDA is to
adapt a model to perform well in the target domain based on
labeled data in the source domain and unlabeled data in the
target domain. This is again very different from our prob-
lem, where the source domain data is initially unlabeled
and assigned with inaccurate labels by a weak annotator,
while the target domain data has labels but its quantity is
small. Another related field is Positive-unlabeled Learning
(PuL) [20, 5], an approach for sample selection. The train-
ing data of PuL also consists of two parts – positive and
negative data, and the task is to learn a binary classifier to
filter out samples that are similar to the positive data from
a large amount of negative data. However, the current PuL
approaches usually conduct experiments in a single data set
rather than multiple domains with feature discrepancy.

To solve our target problem, we first develop a theo-
retical analysis on the error bound of a trained classifier
with respect to the data quantity and the weak annotator
performance. We then propose a Weak Adaptation Learn-
ing (WAL) method to learn an accurate classifier by low-
ering the error bound. The main idea of WAL is to obtain
a cross-domain representation for both source domain and
target domain data, and then use the labeled data to estimate
the classification error/distance between the weak annotator
and the ideally optimal classifier in the target domain. Next,
all the data is re-labeled based on such estimation of weak
annotator classification error. Finally, the newly-relabeled
data is used to learn a better classifier in the target domain.

Our work makes the following contributions:

• We address the challenge of data insufficiency in do-
main adaptation with a novel weak adaptation learning
approach that leverages unlabeled source domain data,
limited number of labeled target domain data, and a weak
annotator.

• Our approach includes a theoretical analysis on the error
bound of the trained classifier and a multi-stage WAL
method that improves the classifier accuracy by lowering
such error bound.

• We compare our approach with various baselines in
experiments with domain discrepancy setting on sev-
eral digit datasets and the VisDA-C dataset, and study
the cases without domain discrepancy on the CIFAR-10
dataset. We also conduct ablation studies on the impact
from the weak annotator accuracy and the quantity of la-
beled data samples to further validate our ideas.

2. Related Work

We introduce related works in the topics about weakly-
and semi-supervised learning, and the importance of sample
quantity here. You can also find more related works about
domain adaptation in the supplementary materials.

2.1. Weakly- and Semi-Supervised Learning

Weakly Supervised Learning is a large concept that may
have multiple problem settings [51]. The problem we con-
sider in this paper is related to the incomplete supervision
setting that is often addressed by Semi-Supervised Learn-
ing (SSL) approaches. Standard SSL solves the problem
of training a model with a few labeled data and a large
amount of unlabeled data. Some of the widely-applied
methods [39, 9, 36, 2] assign pseudo labels to unlabeled
samples and then perform supervised learning. And there
are works that address the noises in the labels of those sam-
ples [31, 11, 25]. Our target problem is related to SSL with
inaccurate supervision, but is different since we consider
the feature discrepancy between the (unlabeled) source data
and the (labeled) target data – a case that occurs often in
practice but has not been sufficiently addressed.

Positive-unlabeled Learning (PuL) is usually regarded as
a sub-problem of SSL. Its goal is to learn a binary classifier
to distinguish positive and negative samples from a large
amount of unlabeled data and a few positive samples. Sev-
eral works [20, 5] can achieve great performance on select-
ing samples that are similar to the positive data, and there
are also works using samples selected by PuL to perform
other tasks [49, 26].

2.2. Importance of Sample Quantity

The training of machine learning models, especially
deep neural networks, often requires a large amount of data
samples. However, in many practical scenarios, there is not
sufficient training data to feed the learning process, degrad-
ing the model performance sharply [41, 16, 48]. Many ap-
proaches have been proposed to make up for the lack of
training samples, e.g., data re-sampling [44], data augmen-
tation [37], metric learning and meta learning [3, 4, 42, 45].
And there are works [33, 1, 3, 46] conducting theoretical
analysis on the relation between training data quantity and
model performance. These analyses are usually in the form
of bounding the prediction error of the models and provide
valuable information on how the sample quantity of train-
ing data affects the model performance. In our work, we
also perform a theoretical analysis on the error bound of the
trained model, with respect to not only the data quantity but
also the performance of the weak annotator.

3. Theoretical Analysis
3.1. Problem Definition and Formulation

We consider the task of classification, where the goal is
to predict labels for samples in the target domain. Two types
of supporting data can be accessed for training the model –
source domain data and target domain data. The source do-
main data samples are initially unlabeled and come from a
joint probability distribution Qs. They can be labeled by a
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w e a k a n n ot at or h w ( w hi c h m a y b e i n a c c ur at e) a n d d e n ot e d
as D s = { (x s , ys ) i }

N s
i = 1 , w h er e N s is t h e n u m b er of s o ur c e

d at a s a m pl es. T h e t ar g et d o m ai n d at a D t = { (x t , yt ) i }
N t
i = 1

c o nsists of N t s a m pl es c oll e ct e d fr o m t h e t ar g et distri b uti o n
Q t . N ot e t h at Q t m a y b e diff er e nt fr o m Q S . A n d w e us e
Q s

X , Q s
Y a n d Q t

X , Q t
Y t o r e pr es e nt t h e m ar gi n al distri b u-

ti o ns of t h e s o ur c e a n d t ar g et d o m ai ns, r es p e cti v el y. M or e-
o v er, as st at e d b ef or e, w e c o nsi d er t h e c as e w h er e t h er e is
o nl y a s m all a m o u nt of t ar g et d o m ai n d at a, i. e., N t ≪ N s .

O ur g o al is t o l e ar n a n a c c ur at e cl assi fi er f or t h e t ar g et
d o m ai n. T h e cl assi fi er is i niti ali z e d fr o m a p ar a m et er distri-
b uti o n H , w hi c h d e n ot es t h e h y p ot h esis p ar a m et er s p a c e of
all p ossi bl e cl assi fi ers.

I n t h e f oll o wi n g a n al ysis, w e will d e fi n e t h e cl assi fi c a-
ti o n ris k of a cl assi fi er a n d t h e n d eri v e its b o u n d. A c c or d-
i n g t o t h e P A C- B a y esi a n fr a m e w or k [3 0 , 1 0 ], t h e e x p e ct e d
cl assi fi c ati o n ris k of a cl assi fi er dr a w n fr o m a distri b uti o n
Q t h at d e p e n ds o n t h e tr ai ni n g d at a c a n b e stri ctl y b o u n d e d.
L et h Θ d e n ot e a l e ar n e d cl assi fi er fr o m t h e tr ai ni n g d at a,
a n d its p ar a m et er Θ is dr a w n fr o m Q . We c o nsi d er t h at
t h e pri or p ar a m et er distri b uti o n H o v er t h e h y p ot h esis is
i n d e p e n d e nt of t h e tr ai ni n g d at a. A n d gi v e n a δ wit h t h e
pr o b a bilit y ≥ 1 − δ o v er t h e tr ai ni n g d at a s et of si z e m , t h e
e x p e ct e d err or of h Θ c a n b e b o u n d e d as f oll o ws [ 2 9 ]:

L (h Θ ) ≤ L (h Θ ) + L (h Θ ) · Ω + Ω

Ω =
2 K L (Q ∥ H ) + l n m

δ

m − 1

( 1)

H er e L (h Θ ) is t h e e x p e ct e d err or of h o v er p ar a m et er Θ ,

a n d L (h Θ ) is t h e e m piri c al err or c o m p ut e d fr o m t h e tr ai n-

i n g s et (L (h Θ ) = 1
m

m
i = 1 L (x i , yi ), w h er e L d e n ot es t h e

l oss of a si n gl e tr ai ni n g s a m pl e). I n E q. (1 ), K L (Q ∥ H )
r e pr es e nts t h e K ull b a c k- L ei bl er ( K L) di v er g e n c e b et w e e n
p ar a m et er distri b uti o n Q a n d H . F or a n y t w o distri b uti o ns
p, q , t h e s p e ci fi c f or m of t h eir K L di v er g e n c e is K L (p ∥ q ) =
− E [p · l n q

p ]. I n m ost c as es of mi ni- b at c h tr ai ni n g, t h e tr ai n-

i n g l oss L (h Θ ) is m u c h s m all er t h a n Ω , a n d t h us w e c a n g et
a f urt h er b o u n d as f oll o ws [ 3 3 ]:

L (h Θ ) ≤ L (h Θ ) + 4
K L (Q ∥ H ) + l n 2 m

δ

m
( 2)

T h e n if w e d e n ot e t h e m o d el p ar a m et ers of h b ef or e t h e
tr ai ni n g t h at ar e dr a w n fr o m H as Θ p , t h e K L di v er g e n c e
c a n b e writt e n as K L (Q ∥ H ) = − E [ Θ · (l n Θ p − l n Θ)].
As af or e m e nti o n e d, h Θ is tr ai n e d wit h t h e tr ai ni n g d at a s et
fr o m h Θ p , a n d w e c o nsi d er t h at t h e tr ai ni n g is o pti mi z e d
b y gr a di e nt- b as e d m et h o d. T h us, w e c a n f or m ul at e t h at
Θ = Θ p + ∇ (L (h Θ p )). H er e w e o mit t h e l e ar ni n g r at e
t o si m plif y t h e f or m ul a.

T h e P A C- B a y esi a n err or b o u n d is v ali d f or a n y p ar a m-
et er distri b uti o n H t h at is i n d e p e n d e nt of t h e tr ai ni n g d at a,
a n d a n y m et h o d of o pti mi zi n g Θ p d e p e n d e nt o n t h e tr ai n-

i n g s et [3 3 ]. T h er ef or e, i n or d er t o si m plif y t h e pr o bl e m,
w e i nst a nti at e t h e b o u n d as s etti n g H t o c o nf or m t o a G a us-
si a n distri b uti o n wit h z er o m e a n ( µ H = 0 ) a n d VarH = σ 2

H

v ari a n c e. T his si m pli fi c ati o n is t h e s a m e as pr e vi o us P A C-
B a y esi a n w or ks [ 3 3 , 3 4 ]. We f urt h er ass u m e t h at t h e p ar a m-
et er c h a n g e of t h e o v er all m o d el d uri n g tr ai ni n g c a n als o b e
r e g ar d e d as c o nf or mi n g t o a n e m piri c al G a ussi a n distri b u-
ti o n. T his G a ussi a n distri b uti o n is i n d e p e n d e nt of m o d el
p ar a m et ers if w e r e g ar d t h e p ar a m et er u p d at es i n d u c e d b y
gr a di e nt b a c k- pr o p a g ati o n as a c c u m ul at e d r a n d o m p ert ur-
b ati o ns, i. e., e a c h tr ai ni n g s a m pl e c orr es p o n ds t o a s m all
p ert ur b ati o n [ 3 4 ]. A n d w e d e n ot e t h e m e a n a n d t h e v ari-
a n c e of a si n gl e tr ai ni n g s a m pl e as f oll o ws:

µ ≜ E [∇ Θ p L (x , y)]

σ 2 ≜ E (∇ Θ p L (x , y) − µ )(∇ Θ p L (x , y) − µ ) T
( 3)

T h e n, t h e s p e ci fi c f or m ul a of K L di v er g e n c e t o a n y t w o
G a ussi a n distri b uti o ns p ∼ N (µ 1 , σ21 ), q ∼ N (µ 2 , σ22 ) is
writt e n as f oll o ws:

K L (p, q ) = l n
σ 2

σ 1
+

σ 2
1 + ( µ 1 − µ 2 ) 2

2 σ 2
2

−
1

2
( 4)

T h e or e m 1. F or a cl assi fi er p ar a m et er distri b uti o n H ∼
N ( 0, σ2H ) t h at is i n d e p e n d e nt of t h e tr ai ni n g d at a wit h
siz e m , a n d a p ost eri or p ar a m et er distri b uti o n Q l e ar n e d
fr o m t h e tr ai ni n g d at a s et, if w e ass u m e Q ∼ N (µ Q , σ2Q )
a n d c o nsi d er Θ p , Θ as dr a w n fr o m H , Q r es p e cti v el y
(Θ = Θ p + ∇ (L (h Θ p ))), t h e K L di v er g e n c e of Q a n d H is
b o u n d e d wit h s y m b ols d e fi n e d i n E q. ( 3 ) as f oll o ws:

K L (Q ∥ H ) ≤
σ 2

m + µ 2

2 σ 2
H

( 5)

T h e d et ail e d pr o of of T h e or e m 1 is pr es e nt e d i n o ur S u p pl e-
m e nt ar y M at eri als. Wit h t h e a b o v e ris k d e fi niti o n, t h e ris k
of h wit h r es p e ct t o t h e t ar g et d at a distri b uti o n Q t is

R t (h ) = E ( x , y) ∼ Q t L (h (x ), y) = L (h Θ ) ∼ Q t ( 6)

B esi d es, w e d e fi n e t h e Cl assi fi c ati o n Dist a n c e of t w o cl as-
si fi ers h 1 a n d h 2 u n d er t h e s a m e d o m ai n distri b uti o n P as

C D ∼ P (h 1 , h 2 ) = E x ∼ P L (h 1 (x ), h 2 (x )) ( 7)

M or e o v er, t h e Dis cr e p a n c y Dist a n c e of t w o d o m ai ns is d e-
fi n e d as i n [ 2 8 ]: ∀ h 1 , h 2 , t h e dis cr e p a n c y dist a n c e b et w e e n
t h e distri b uti o ns of t w o d o m ai ns P , Q is

D D (P , Q ) = s u p
h 1 ,h 2 ∈ H

| C D∼ P (h 1 , h 2 ) − C D ∼ Q (h 1 , h 2 )|

( 8)
F or f urt h er a n al ysis, w e als o d e fi n e t w o o p er at ors i n a

p ar a m et er distri b uti o n H :

• ⊕ : ∀ h 1 , h 2 ∈ H , a n d ∀ x ∈ P , a n e w cl assi fi er h 3 =
h 1 ⊕ h 2 c a n b e a c q uir e d b y c o n d u cti n g o p er at or ⊕ o n
h 1 a n d h 2 , a n d h 3 (x ) = h 1 (x ) + h 2 (x ).
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• ⊖ : ∀ h 1 , h 2 ∈ H , a n d ∀ x ∈ P , a n e w cl assi fi er h 3 =
h 1 ⊖ h 2 c a n b e a c q uir e d b y c o n d u cti n g o p er at or ⊖ o n
h 1 a n d h 2 , a n d h 3 (x ) = h 1 (x ) − h 2 (x ).

3. 2. E r r o r B o u n d A n al ysis

L et h o s a n d h o t d e n ot e t h e i d e al cl assi fi ers t h at p erf or m
o pti m all y o n t h e s o ur c e d at a a n d t ar g et d at a, r es p e cti v el y:

h o s = ar g mi n h ∈ Q R s (h ), h o t = ar g mi n h ∈ Q R t (h )
( 9)

I n o ur a p pr o a c h, w e d esi g n a cl assi fi er t h at l e ar ns t h e dis-
cr e p a n c y b et w e e n t h e w e a k a n n ot at or a n d t h e gr o u n d tr ut h
( d et ails will b e i ntr o d u c e d i n S e cti o n 4 ), a n d w e d e n ot e it
as d dr a w n fr o m Q . T h us, w e c a n g et a m o d el t h at is t h e
pr o d u ct of c o n d u cti n g t h e af or e m e nti o n e d ⊕ o p er at or o n h
a n d d , i. e., h ⊕ d . H er e h is d esi g n e d f or a p pr o xi m ati n g t h e
w e a k l a b els. A n d f or t h e ris k of h ⊕ d , w e c a n o bt ai n t h e
f oll o wi n g r el ati o n:
T h e or e m 2. F or all L 1 ( M e a n A bs ol ut e Err or [ 1 7 ]), L 2
( M e a n S q u ar e d Err or [1 4 ]) a n d t h eir n o n- n e g ati v e c o m bi-
n ati o n l oss f u n cti o ns ( H u b er L oss [ 5 0 ], Q u a ntil e L oss [ 2 1 ],
et c.), t h e cl assi fi c ati o n ris k of af or e m e nti o n e d h ⊕ d c a n b e
f or m ul at e d as f oll o ws:

R t (h ⊕ d ) = E Q t
X

L (h ⊕ d , h w ⊕ h o t ⊖ h w )

≤ E Q t
X

L (h , h w ) + E Q t
X

L (d , h o t ⊖ h w )
( 1 0)

Pl e as e r ef er t o o ur S u p pl e m e nt ar y M at eri als f or d et ail e d
pr o of of T h e or e m 2. T h e n if w e c o nsi d er t h at t h e tr ai ni n g
l oss L (h ) ( w hi c h e q u als t h e a v er a g e l oss of all tr ai ni n g s a m-
pl es) is h ar dl y i n fl u e n c e d b y t h e s a m pl e q u a ntit y, a n d it is
t h e s a m e f or t h e dis cr e p a n c y b et w e e n t w o d o m ai ns [2 7 ], w e
c a n s plit t h e err or b o u n d of h ⊕ d i nt o t w o p arts, w h er e o n e
p art, d e n ot e d as ∆ , is n ot i n fl u e n c e d b y t h e s a m pl e q u a ntit y
a n d t h e ot h er is r el at e d t o t h e s a m pl e q u a ntit y. A c c or di n g
t o E q. (2 ), t h es e t w o p arts c a n b e writt e n as f oll o ws (t h e d e-
t ail e d d eri v ati o n of i n e q u aliti es st arti n g fr o m E q. (1 0 ) c a n
b e f o u n d i n t h e S u p pl e m e nt ar y M at eri als):

R t (h ⊕ d ) = E Q t
X

L (h ⊕ d , h w ⊕ h o t ⊖ h w )

≤ ∆ + 4
K L d

N t
+ 4

K L h

N s

+ 1 2
l n 2 N t

δ

N t
+ 8

l n 2 N s

δ

N s

w h er e ∆ = 2 L t (h
w ) + L t (d ) + L s (h )

+ L s (h
w ) + D D (Q t

X , Q s
X )

( 1 1)

H er e K L d a n d K L h d e n ot e K L di v er g e n c es b et w e e n tr ai n e d
d , h a n d H r es p e cti v el y. A c c or di n g t o T h e or e m 1, t his K L
di v er g e n c e t er m is i n fl u e n c e d b y t h e tr ai ni n g, es p e ci all y i m-
p a ct e d b y t h e s a m pl e q u a ntit y. We will dis c uss t h e i nsi g hts
o bt ai n e d fr o m t his err or b o u n d i n t h e n e xt s e cti o n, a n d t h e n

i ntr o d u c e o ur w e a k a d a pt ati o n l e ar ni n g pr o c ess t h at is i n-
s pir e d b y t h os e i nsi g hts.

4. We a k A d a pt ati o n L e a r ni n g M et h o d

4. 1. O bs e r v ati o n f r o m E r r o r A n al ysis

B as e d o n t h e err or b o u n d d eri v e d i n E q. ( 1 1 ), w e c a n p ut
eff orts i nt o t h e f oll o wi n g i d e as i n o ur a p pr o a c h t o i m pr o v e
t h e cl assi fi er p erf or m a n c e i n t h e t ar g et d o m ai n:

• P e rf o r m a n c e of a n n ot at o r (2 L t (h
w ) + L s (h

w )): T h e
s u p er visi o n pr o vi d e d b y t h e w e a k a n n ot at or c a n g ui d e
t h e m o d el t o b ett er t ar g et t h e gi v e n t as k. I d e all y, w e
w a nt h w t o pr o d u c e m or e a c c ur at e l a b els f or b ot h s o ur c e
a n d t ar g et d at a, r e d u ci n g 2 L t (h

w ) a n d L s (h
w ) si m ult a-

n e o usl y. Pr a cti c all y t h o u g h, w e m a y j ust b e a bl e t o m a k e
t h e a n n ot at or p erf or m b ett er o n t h e s o ur c e d o m ai n a n d
c a n n ot d o m u c h wit h t h e t ar g et d o m ai n.

• Dis c r e p a n c y b et w e e n d o m ai ns (D D (Q t
X , Q s

X )): D e-
si g ni n g l oss t o q u a ntif y t h e dis cr e p a n c y b et w e e n t h e
s o ur c e a n d t ar g et d o m ai ns is w ell st u di e d i n D o m ai n
A d a pt ati o n. I n o ur a p pr o a c h, w e pr o p os e a n o v el
i nt er- d o m ai n l oss ( c all e d Cl assi fi e d- M M D) t o mi ni mi z e
D D (Q t

X , Q s
X ), as i ntr o d u c e d l at er.

• Q u a ntit y of s o u r c e a n d t a r g et s a m pl es (N s , Nt ): First,
t h e l e ar ni n g of d n e e ds t h e s u p er visi o n of t h e gr o u n d
tr ut h, a n d t h us w e c a n o nl y us e t h e l a b el e d t ar g et d at a t o
tr ai n d . T h e n, i n o ur m et h o d, h is d esi g n e d t o a p pr o xi-
m at e t h e w e a k a n n ot at or, a n d t h er ef or e it m a y s e e e n o u g h
t h at w e j ust us e t h e s o ur c e d at a t o tr ai n h . H o w e v er,
t o f urt h er r e d u c e K L h a c c or di n g t o T h e or e m 1, w e als o
us e t ar g et s a m pl es t o tr ai n h , w hi c h i n cr e as es t h e s a m pl e
si z e of tr ai ni n g d at a. M or e o v er, si n c e t h e s a m pl e q u a n-
tit y of s o ur c e d at a is m u c h l ar g er t h a n t h at of t ar g et d at a
(i. e., N t ≪ N s ), K L d / N t i n E q. (1 1 ) d o mi n at es o v er

K L h / N s , a n d i n t h e c as e of δ ≤ 2 / e , 1 2 l n 2 N t

δ / N t

als o stri ctl y d o mi n at es o v er 8 l n 2 N s

δ / N s . As t h e r es ult,

t h e t er ms i n fl u e n c e d b y a f e w t ar g et s a m pl es d o mi n at es
t h e o v er all err or ris k. T h er ef or e, dir e ctl y a p pl yi n g h ⊕ d
t o t h e t ar g et d o m ai n will still b e i m p a ct e d b y t h e i ns uf-
fi ci e nt s a m pl es. H o w e v er, n ot e t h at h ⊕ d c a n pr o d u c e
m or e a c c ur at e l a b els f or t h e s o ur c e d at a t h a n t h e w e a k
a n n ot at or. T h er ef or e, w e a d d a fi n al st e p i n o ur l e ar ni n g
pr o c ess t h at utili z es r e-l a b el e d s o ur c e d at a a n d c o n d u cts
s u p er vis e d l e ar ni n g wit h s u c h a u g m e nt ati o n.

4. 2. L e a r ni n g P r o c ess

I n t his s e cti o n, w e pr es e nt t h e d et ail e d pr o c ess of o ur
w e a k a d a pt ati o n l e ar ni n g ( W A L) m et h o d, w hi c h is d esi g n e d
b as e d o n t h e o bs er v ati o ns fr o m t h e a b o v e err or b o u n d a n al y-
sis. T h e o v er vi e w of o ur W A L pr o c ess is s h o w n i n Fi g ur e 1 .
T h e d esi g n e d n et w or k c o nsists of t hr e e p arts – ( Φ 0 , Φ 1 , Φ 2 ).
Φ 0 c a n b e s e e n as a s h ar e d f e at ur e n et w or k f or b ot h s o ur c e

8 9 2 0



D at a

D at a 𝐿 = 𝐿 𝐾 𝐿

+ 𝛼 𝐿 𝑐 𝑚 𝑚 𝑑S o ur c e d o m ai n

T ar g et d o m ai n

W e a k
a n n ot at or

Φ 0
Φ 1

T ar g et d o m ai n

Di st a n c e

D at a

D at a

L a b el

𝐿 = 𝐿 𝐾 𝐿

+ 𝛼 𝐿 𝑐 𝑚 𝑚 𝑑

𝐿 𝑀 𝑆 𝐸

S o ur c e d o m ai n

W e a k
a n n ot at or

Φ 0
Φ 1

Φ 2

St a g e 1 : O bt ai n a c o m m o n r e pr es e nt ati o n  f or s o ur c e a n d t ar g et d at a St a g e 2 : Esti m at e t h e cl assifi c ati o n dist a n c e b y Φ 2

D at a

D at a

N e w 
L a b el

𝐿 = 𝐿 𝐾 𝐿

+ 𝛼 𝐿 𝑐 𝑚 𝑚 𝑑

𝐿 = 𝐿 𝐾 𝐿

+ 𝛼 𝐿 𝑐 𝑚 𝑚 𝑑S o ur c e d o m ai n

T ar g et d o m ai n

W e a k
a n n ot at or

Φ 0
Φ 1

T ar g et d o m ai n

D at a

D at a

N e w 
L a b el

𝐿 = 𝐿 𝐾 𝐿

+ 𝛼 𝐿 𝑐 𝑚 𝑚 𝑑S o ur c e d o m ai n

W e a k
a n n ot at or

Φ 0
Φ 1

Φ 2

St a g e 4 : L e ar n t h e n e w cl assifi er b as e d o n t h e n e w d at a s et St a g e 3 : C al c ul at e t h e n e w d at a s et b as e d o n t h e cl assifi c ati o n dist a n c e
a n d t h e w e a k l a b el

Fi g ur e 1. O v er vi e w of t h e We a k A d a pt ati o n L e ar ni n g ( W A L) pr o c ess. T h e d esi g n e d n et w or k ar c hit e ct ur e is di vi d e d i nt o t hr e e c o m p o n e nts
Φ 0 , Φ 1 , Φ 2 a n d t h e al g orit h m h as f o ur st a g es. First, w e us e a c o m bi n e d l oss f u n cti o n t o l e ar n a cr oss- d o m ai n r e pr es e nt ati o n i n Φ 0 f or
b ot h s o ur c e a n d t ar g et d at a s a m pl es. T h e n, i n St a g e 2, Φ 2 esti m at es t h e cl assi fi c ati o n dist a n c e b et w e e n t h e w e a k a n n ot at or a n d t h e i d e all y
o pti m al o n e i n t h e t ar g et d o m ai n. A n e w r e-l a b el e d d at as et is g e n er at e d i n St a g e 3, a n d t h e n us e d i n St a g e 4 t o l e ar n t h e d esir e d cl assi fi er.

a n d t ar g et d at a, usi n g t y pi c al cl assi fi c ati o n n et w or ks s u c h
as V G G, R es N et, et c. Φ 1 c o nsists of t hr e e f ull y- c o n n e ct e d
l a y ers t h at f oll o w t h e o ut p ut of Φ 0 . A n d w e d e n ot e t h e
c o m bi n ati o n of Φ 0 a n d Φ 1 as F 1 . Φ 2 c o nsists of t w o f ull y-
c o n n e ct e d l a y ers t h at f oll o w t h e o ut p ut of Φ 0 . T h e c o m bi-
n ati o n of Φ 0 a n d Φ 2 is d e n ot e d as F 2 . T h e d et ail e d n et w or k
ar c hit e ct ur e is s h o w n i n t h e S u p pl e m e nt ar y M at eri als. T h e
w or k fl o w of o ur m et h o d is s h o w n i n Al g orit h m 1 .

Al g o rit h m 1 T h e w or k fl o w of We a k A d a pt ati o n L e ar ni n g.

1: I niti ali z e p ar a m et ers of n et w or k c o m p o n e nts Φ 0 , Φ 1 , Φ 2 .
2: O bt ai n d at as et D fr o m t h e s o ur c e a n d t ar g et d at a wit h t h e h el p

of w e a k a n n ot at or h w .
3: Tr ai n F 1 = Φ 1 ◦ Φ 0 usi n g D , wit h l oss f u n cti o n f oll o wi n g

e q u ati o n L = L K L + α L c m m d .
4: Fi x t h e p ar a m et ers of Φ 1 a n d us e F 2 = Φ 2 ◦ Φ 0 t o fit t h e

dist a n c e of t h e o pti m al cl assi fi er f or t ar g et d at a h o t a n d t h e
w e a k a n n ot at or h w wit h t h e t ar g et d at a.

5: G e n er at e a n e w d at as et usi n g b ot h s o ur c e a n d t ar g et d at a. T h e
n e w l a b els ar e c al c ul at e d b y y n e w = h w ( x ) + Φ 2 ( h w ( x ) ,
Φ 0 ( x ) ) .

6: I niti ali z e p ar a m et ers of Φ 0 , Φ 1 , Φ 2 .
7: Fi x Φ 2 a n d tr ai n F 1 usi n g t h e n e w d at as et. T h e l oss f u n cti o n

f oll o ws L = L K L + α L c m m d .
8: O ut p ut cl assi fi er F 1 .

St a g e 1 : T h e first g o al w e st e p o n is t o o bt ai n a c o m m o n

r e pr es e nt ati o n f or b ot h t h e s o ur c e a n d t ar g et d at a, w hi c h
h el ps us e n c o d e t h e i n p uts w hil e miti g ati n g t h e d o m ai n dis-
cr e p a n c y i n t h e f e at ur e r e pr es e nt ati o n. We g at h er all t h e
u nl a b el e d s o ur c e d at a a n d t h e t ar g et d at a wit h o ut t h eir l a-
b els a n d us e w e a k a n n ot at or h w t o assi g n a l a b el f or e a c h
d at a s a m pl e x i a n d y w

i = h w (x i ). We d e n ot e t h e d at as et
o bt ai n e d i n t his w a y as D = { (x , yw ) i }

N s + N t
i = 1 . T h e n w e fi x

Φ 2 a n d o nl y c o nsi d er t h e l eft p art of t h e n et w or k, w hi c h is
F 1 = Φ 1 ◦ Φ 0 . It is n or m all y tr ai n e d b y s u p er vis e d l e ar ni n g
usi n g t h e d at as et D f or e p 1 tr ai ni n g e p o c hs, a n d us es t h e
f oll o wi n g l oss f u n cti o n:

L = L K L + α L c m m d ( 1 2)

I n t his l oss f u n cti o n, t h er e ar e t w o l oss t er ms a n d t h e
h y p er- p ar a m et er α is a s c ali n g f a ct or t o b al a n c e t h e s c al e of
t w o l oss f u n cti o ns ( w e s et it as 0 .0 0 0 1 i n o ur e x p eri m e nts).
T h e first t er m L K L is t h e K ull b a c k- L ei bl er ( K L) di v er g e n c e
l oss, st at e d as f oll o ws:

L K L = K L (y 1
p r e ∥ y w )

= K L ( Φ 1 ◦ Φ 0 (x )∥ h w (x ))
( 1 3)

w h er e y 1
p r e is t h e o ut p ut pr e di cti o n v al u e of F 1 a n d y w is t h e

c orr es p o n di n g w e a k l a b el pr o d u c e d b y t h e w e a k a n n ot at or
h w . T h e s e c o n d t er m L c m m d ai ms t o miti g at e t h e d o m ai n
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dis cr e p a n c y of t h e s o ur c e a n d t ar g et d o m ai n at t h e f e at ur e
r e pr es e nt ati o n l e v el i n t h e n e ur al n et w or ks. B as e d o n t h e
b asi c M M D l oss i ntr o d u c e d b y [ 4 3 ], w e f urt h er c h a n g e it
i nt o t h e v ersi o n wit h d at a l a b els. We c all t his l oss f u n c-
ti o n as Cl assi fi e d- M M D l oss ( c orr es p o n di n g t o t h e s u b-
s cri pt c m m d ), w hi c h is d e fi n e d as:

L c m m d =
1

M
·

M

i = 1

∥
1

|D
( S, i )
X |

x s ∈ D
( S , i )
X

F 1 (x s )

−
1

|D
( T , i )
X |

x t ∈ D
( T , i )
X

F 1 (x t )∥

( 1 4)

w h er e M is t h e n u m b er of cl ass es, D X is t h e d at a fr o m t h e
pr o d u c e d d at as et D wit h o ut l a b els, a n d D

( S, i )
X is t h e s o ur c e

d at a s el e ct e d fr o m D X wit h ar g m a x( y w ) = i. T h e n, w e
utili z e t ar g et d at a wit h its a c c ur at e l a b els t o c o nti n u e t o tr ai n
t h e n et w or k c o m p o n e nt F 1 u n d er t h e l oss f u n cti o n L K L f or
e p 2 tr ai ni n g e p o c hs, w hi c h h el ps f urt h er fi n e-t u n e t h e f e a-
t ur e w e l e ar n e d t hr o u g h a c c ur at e l a b els of t h e t ar g et d at a.

St a g e 2 : Aft er fi nis hi n g tr ai ni n g i n St a g e 1, t h e n e xt st e p
is t o esti m at e t h e dist a n c e of t h e o pti m al cl assi fi er f or t ar-
g et d at a h o t a n d t h e w e a k a n n ot at or h w . We esti m at e t his
dist a n c e t hr o u g h a v ail a bl e t ar g et d at a wit h a c c ur at e l a b els.
We a d o pt t h e p ar a m et ers tr ai n e d fr o m St a g e 1 a n d tr ai n n et-
w or k c o m p o n e nt F 2 = Φ 2 ◦ Φ 0 usi n g t h e t ar g et d at a D t .
F or a n i n p ut d at a s a m pl e x , it is br o u g ht i nt o b ot h Φ 0 a n d
t h e w e a k a n n ot at or as t h eir i n p ut. A n d t h e n Φ 2 t a k es t h e
o ut p ut f e at ur e of Φ 0 (x ) a n d h w (x ) as i n p ut f e at ur e (t h es e
t w o f e at ur es ar e c o n c at e n at e d as t h e i n p ut f e at ur e of Φ 2 ).
F or d at a s a m pl e (x t , yt ) ∈ t ar g et d at as et D t , t h e l e ar ni n g of
F 2 us es t h e f oll o wi n g cl assi fi er dis cr e p a n c y l oss f u n cti o n:

L M S E = ∥ Φ 2 (h w (x t ), Φ 0 (x t )) − (y t − h w (x t )) ∥
2

( 1 5)
T h e n et w or k is tr ai n e d f or e p 3 tr ai ni n g e p o c hs.

St a g e 3 : T h e t hir d st e p is t o g e n er at e a n e w d at as et D n e w

t hr o u g h t h e o bt ai n e d n et w or k F 2 a b o v e. S p e ci fi c all y, w e
c oll e ct d at a x fr o m b ot h s o ur c e d at a a n d t ar g et d at a, a n d
w e r e-l a b el t h es e d at a b as e d o n t h e w e a k a n n ot at or a n d F 2

o bt ai n e d fr o m t h e pr e vi o us st e ps:

D n e w = { (x , yn e w )|x ∈ D X ,

y n e w = h w (x ) + Φ 2 (h w (x ), Φ 0 (x ))}
( 1 6)

St a g e 4 : I n t h e l ast st e p, w e f o c us o n F 1 = Φ 1 ◦ Φ 0

a g ai n. We fi x t h e p ar a m et ers of n et w or k c o m p o n e nt Φ 2 a n d
tr ai n F 1 usi n g t h e n e w d at as et D n e w o bt ai n e d i n St a g e 3.
T o a v oi d i ntr o d u ci n g f e at ur e bi as fr o m t h e pr e vi o us st e ps,
w e cl e a n all pr e vi o us n et w or k w ei g hts a n d r e-i niti ali z e t h e
w h ol e n et w or k b ef or e tr ai ni n g. T h e tr ai ni n g l asts f or e p 4

e p o c hs, a n d t h e l oss f u n cti o n f or t his st e p is L = L K L +
α L c m m d , w hi c h is t h e s a m e as t h e f u n cti o n i n St a g e 1. Fi-
n all y, w e g et t h e fi n al m o d el F 1 as t h e d esir e d cl assi fi er.

T o s u m u p, i n St a g e 1, w e l e ar n t h e m o d el h wit h t h e h el p
of t h e w e a k a n n ot at or t o d e cr e as e t h e e m piri c al l oss L s (h ),

a n d t h e C M M D l oss will r e d u c e t h e t er m D D (Q t
X , Q s

X ).
St a g e 2 us es a n e w cl assi fi er d t o l e ar n t h e cl assi fi c ati o n
dist a n c e c orr es p o n di n g t o t h e t er m L t (d ). T h e St a g e 3 us es
t h e a n n ot at or a n d t h e l e ar n e d d t o gi v e m or e a c c ur at e l a-
b els t h a n t h os e gi v e n s ol el y b y t h e a n n ot at or. T h e n i n St a g e
4, t h e m o d el is tr ai n e d b y t h e r el a b el e d d at a, m a ki n g b ot h
L s (h ) a n d D D (Q t

X , Q s
X ) b e f urt h er d e cr e as e d. T h e s etti n g

of t h e h y p er- p ar a m et ers us e d i n t his s e cti o n c a n f o u n d i n t h e
S u p pl e m e nt ar y M at eri als.

5. E x p e ri m e nt al R es ults

T h e s u p pl e m e nt ar y m at eri als c a n b e f o u n d fr o m
h t t p s : / / a r x i v . o r g / a b s / 2 1 0 2 . 0 7 3 5 8

5. 1. D at as et

T h e e x p eri m e nts ar e c o n d u ct e d o n t hr e e a p pli c ati o n
s c e n ari os, t h e di gits r e c o g niti o n wit h d o m ai n dis cr e p a n c y
( S V H N[3 2 ], M NI S T[6 ] a n d U S P S[1 5 ] di git d at as ets), o b-
j e ct d et e cti o n wit h d o m ai n dis cr e p a n c y ( Vis D A- C[3 5 ]),
a n d o bj e ct d et e cti o n wit h o ut d o m ai n dis cr e p a n c y ( CI F A R-
1 0[ 2 2 ]). F or s p a c e, w e i ntr o d u c e d et ails of t h es e d at as ets i n
t h e S u p pl e m e nt ar y M at eri als.

5. 2. Tr ai ni n g S etti n g

All e x p eri m e nts ar e c o n d u ct e d o n a s er v er wit h U b u nt u
1 8. 0 4 L T S wit h N VI DI A TI T A N R T X G P U c ar ds. T h e
i m pl e m e nt ati o n is b as e d o n t h e P yt or c h fr a m e w or k. T h e
h y p er- p ar a m et er α m e nti o n e d a b o v e is s et t o 1 e − 4 . We us e
t h e st a n d ar d A d a m o pti mi z er [1 9 ] f or o pti mi zi n g t h e l e ar n-
i n g. T h e n et w or k ar c hit e ct ur es, t h e l e ar ni n g r at e f or e a c h
p art of t h e n et w or k c o m p o n e nts, t h e tr ai ni n g e p o c h s etti n g,
as w ell as ot h er h y p er- p ar a m et ers ar e s p e ci fi e d i n t h e S u p-
pl e m e nt ar y M at eri als. A n d w e g et w e a k a n n ot at ors i n dif-
f er e nt p erf or m a n c e b y a p pl yi n g e arl y st o p f or t h e tr ai ni n g.
T h e i m pl e m e nt ati o n d et ails of w e a k a n n ot at ors c a n als o b e
f o u n d i n t h e S u p pl e m e nt ar y M at eri als.

5. 3. B as eli n e E x p e ri m e nts S etti n g

We c o n d u ct c o m p aris o n e x p eri m e nts wit h t h e f oll o wi n g
b as eli n es. B as eli n e B w a is t h e p erf or m a n c e of t h e w e a k
a n n ot at or c h os e n i n t h e e x p eri m e nts i n t h e t ar g et d o m ai n.
B as eli n e B t is tr ai ni n g F 1 o nl y wit h t ar g et d at a. B as eli n e
B f 1 is a fi n e-t u ni n g r es ult. It t a k es t h e s a m e m o d el as F 1

a n d first us es s o ur c e d o m ai n d at a a n d w e a k l a b els g e n er at e d
b y t h e w e a k a n n ot at or t o tr ai n it. T h e n it us es t ar g et d o m ai n
d at a t o fi n e-t u n e t h e l ast t hr e e l a y ers. B as eli n e B f 2

is als o
a fi n e-t u ni n g r es ult. T h e diff er e n c e is t h at i nst e a d of fi n e-
t u ni n g t h e l ast t hr e e l a y ers, it tr ai ns all n et w or k p ar a m et ers.

As i ntr o d u c e d b ef or e, o ur pr o bl e m is r el at e d t o t h e S e mi-
S u p er vis e d L e ar ni n g ( S S L) a n d t h e S e mi- S u p er vis e d D o-
m ai n A d a pt ati o n ( S S D A). F or S S L, alt h o u g h w e c a n r e pl a c e
t h e u nl a b el e d d at a wit h s a m pl es dr a w n fr o m a n ot h er d o-
m ai n i nst e a d of t h e t ar g et d o m ai n, w e c a n n ot fi n d a g o o d
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Method M → S(%) M → U(%) S → U(%) S → M(%)
#samples 1000 300 300 1000
Bwa 59.06 73.28 73.28 76.41
Bt 61.14 89.20 89.27 94.79
Bf1 55.68 84.58 77.24 80.41
Bf2 77.92 94.10 94.92 95.52
S+T 65.70 93.67 91.21 96.21
ENT 67.89 92.62 92.02 96.42
MME 65.92 93.07 91.32 95.64
FAN 68.48 93.78 92.38 96.51
Ours 80.00 95.99 96.36 97.24

Table 1. The accuracy of different methods on digit datasets.

way to incorporate the weak annotator into SSL methods
for fair comparison with our approach. For SSDA, we were
able to extend it to our setting for comparison. Specifically,
we add 1,000 unlabeled target samples (plus 1,000 labeled
target samples, and this setting will be changed accordingly
in digits recognition to keep consistent settings) to meet the
semi-supervised requirement, and we apply weak annotator
to produce weak labels instead of accurate ones for source
data. We compare our approach with the following SSDA
baselines: FAN [18], MME [40], ENT [13], S+T [4, 38].
Note that to the best of our knowledge, there is no previ-
ous work with exactly the same problem setting as ours.
The above changes aim at making the comparison as fair
as possible. Another thing that is worth to mention is that
most SSDA methods conduct adaptation on the ImageNet
pre-trained models, which introduces a lot of irrelevant data
information from the ImageNet dataset. Thus, we disable
the pre-training and only allow training with the available
data.

5.4. Results of Digits Recognition

We evaluate our methods on the digit recognition
datasets: SVHN (S), MNIST (M),and USPS (U). Accord-
ing to the results shown in Table 1, when the weak annotator
performs much worse than the model learned only from the
provided target data Bt (Bwa = 73.28% on M → U, 73.28%
on S → U and 76.41% on S → M), its corresponding base-
line Bf1 is also lower than Bt, and only the second fine-
tuning method Bf2 is better than or competitive with Bt.
This indicates that the feature learned from the source do-
main data and with weak labels introduce data bias, and this
bias can be mitigated when the parameters from the front
layers are fine-tuned by the target data.

Overall, we can clearly see that with 15,000 source do-
main data, limited number of labeled target domain data
(second line), and a weak annotator, our method can out-
perform all the baselines in Table 1 with 80.00% on M →
S, 95.99% on M → U, 96.36% on S → U and 97.24% on S
→ M.

5.5. Results of Object Recognition

The results of various methods on the VisDA-C dataset
are presented in Figure 2. In this task, we utilize the syn-
thetic images as the source domain dataset, and the real-
world images as the target domain dataset. And we can see
from the table that the performance of the network trained
only with the target data is merely 32.86%. Then, when
the weak annotator is provided, it can help two fine-tune
baselines Bf1 and Bf2 reach 27.67% and 35.03% respec-
tively. As for the SSDA baselines, all of them perform very
badly, and they are provided with more target samples with
no labels. The best SSDA methods FAN can only achieve
32.99%. Our method can provide a result of 40.83%, which
again exceeds all baselines above. Besides, we also provide
additional experiment results using a different weak anno-
tator in the supplementary materials.
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Figure 2. The accuracy of different methods on the VisDA-C
dataset. The number is measured in percentage.

Moreover, we also test on the scenario without domain
discrepancy using the CIFAR-10 dataset. We randomly se-
lect 10,000 data samples from the dataset as the source data
and another 1,000 samples as the target data. The result is
included in Table 2. As we can see, when the weak annota-
tor is given at 48.96% accuracy, the model trained only with
the target data can reach 30.46%, while our method nearly
doubles the performance and hits 61.71%, which exceeds
all other baselines.

5.6. Ablation Study

We also study how the quantity of target domain samples
and the performance of the weak annotator affect the over-
all performance of our method. To reduce the impact of
domain discrepancy when we study these two factors, we
conduct the ablation study on CIFAR-10.

5.6.1 Sample quantity of target samples

As presented in Figure 3, the horizontal axis indicates the
number of target domain data, and the vertical axis shows
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Method plane mobile bird cat deer dog frog horse ship truck mAP(%)
Bwa 43.18 65.68 28.13 25.93 29.00 46.15 83.91 41.76 72.12 51.06 48.96
Bt 19.08 63.39 03.03 30.16 25.77 22.60 46.11 50.85 23.61 25.74 30.46
Bf1 57.38 77.53 38.46 33.51 45.27 33.17 73.33 58.29 57.67 60.20 52.97
Bf2 44.19 80.00 38.02 41.97 47.15 24.30 78.14 55.06 89.35 38.19 53.49
Ours 65.52 82.61 39.79 48.45 57.36 43.60 67.39 65.32 70.42 78.89 61.71

Table 2. The accuracy of different methods on the CIFAR-10 dataset with 10 classes (without domain discrepancy). The number is
measured in percentage. The accuracy of each class is from column 2 to column 11. The mean precision is shown in the last column.

the performance of our model using the corresponding num-
ber of target domain samples. When keeping the weak an-
notator the same as Section 5.5 and fixing the sample quan-
tity of the source data as 10,000, the precision of the model
grows as the number of target domain data increases. And
it will gradually get saturated when there is enough target
domain data. This saturation phenomenon can be explained

as the second derivative of
√
KL/N and

√
ln 2N

δ /N for
N is positive while the first derivative is negative. And ac-
cording to the curve, we can observe that the performance
improvement when the target data is less than the source
data is relatively higher than the case when there is more
target data. The reason for this can be found in our theoret-
ical analysis, i.e., when the sample quantities of source and
target data become closer, terms impacted by the quantity
of target data will not dominate over the error bound.

Figure 3. The performance of our learned model under different
quantities of target domain samples.

5.6.2 Performance of weak annotator

Figure 4 shows the curve of how the performance of our
model changes with respect to the precision of the weak
annotator. As shown in the figure, when the weak an-
notator performs the worst with accuracy of 23.79%, our
model can reach 42.29%, which is a relatively significant
improvement. And as the precision of the weak annotator
increases, our model performs better accordingly. Interest-
ingly, the improvement curve in Figure 4 is approximately
linear, which demonstrates that it is reasonable to linearly

add the terms of the weak annotator in the error bound.

Figure 4. The performance of our learned model under different
accuracy of the weak annotator.

6. Conclusion
In this work, we present a novel approach leveraging

weak annotator to address the data insufficiency challenge
in domain adaptation, where only a small amount of data
samples is available in the target domain and the data sam-
ples in the source domain are unlabeled. Our weak adap-
tation approach includes a theoretical analysis that derives
the error bound of a trained classifier with respect to the
data quantity and the performance of the weak annotator,
and a multi-stage learning process that improves classifier
performance by lowering the error bound. Our approach
shows significant improvement over baselines on cases with
or without domain discrepancy in various data sets.
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