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Motivation: Domain Adaptation
Distribution mismatch: in many real-world problems, 
source and target domains differ. 

Challenges: collecting labeled data for target domains is 
costly, generalization problem. 

Special instances: sample bias correction, covariate-shift 
problems, fine-tuning for LLMs. 

Real-world applications: healthcare, autonomous driving, 
speech recognition, best-effort fairness. 

Can we design a theoretical framework to guide adaptation 
methods?
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This Talk
Discrepancy. 

Reweighting algorithms. 

Experimental results.
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Multiple-Source Adaptation
Multiple-source adaptation problem: no labeled data. 

• Theoretical analysis (Mansour, MM, and Rostamizadeh, 
2008, 2009). 

• Theory and algorithms (Hoffman, MM, and Zhang, 2021), 
(Cortes, MM, Suresh, Zhang, 2021). 

Learning with multiple source distribution: labeled data. 

• Theoretical analysis and algorithms, application to 
federated learning (MM, Sivek, and Suresh, 2019). 

• Boosting with multiple sources (Cortes, MM, Storcheus, 
Suresh, 2021). 

• Limited target data (Mansour, MM, Ro, Suresh, Wu, 2021).
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Adaptation Scenario
Insput space    , output space   . 

Loss function                             . 

Hypothesis set     of functions mapping from     to    . 

Learner receives: 

• Labeled sample from source domain, distribution   . 

• Labeled points from target domain, distribution    : 
supervised adaptation (fair amount), weakly supervised 
(only some), unsupervised (none). 

• Typically large unlabeled sample from    . 
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Adaptation Problem
Learning problem:  

• Use labeled samples from    and    (different scenarios) 
as well as typically large unlabeled sample from    to find 
hypothesis            with small target expected loss

6

<latexit sha1_base64="sNfVx2EqpjpoWhiE1my//gqhL64="></latexit>

L(P, h) = E
(x,y)⇠P

[`(h(x), y)].
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P
<latexit sha1_base64="3Ax8XH4HXwO1trlSUGfwNv1eb4I=">AAACFHicbVC7SgNBFJ2NrxhfUUubwSBYZXcFNWBhwCZlBPOQbAizk0kyZB7LzKwQQsB/EKz0T+xE7Oz9BxEbrZ08CpN44MLhnHu5954wYlQbz3t3EguLS8srydXU2vrG5lZ6e6esZawwKWHJpKqGSBNGBSkZahipRoogHjJSCbsXQ79yQ5SmUlyZXkTqHLUFbVGMjJWuOzCgAga60EhnvKw3Apwn/oRkzr8+vz9uX8+KjfRP0JQ45kQYzJDWNd+LTL2PlKGYkUEqiDWJEO6iNqlZKhAnut4fHTyAB1ZpwpZUtoSBI/XvRB9xrXs8tJ0cmY6e9Ybif14tNq1cvU9FFBsi8HhRK2bQSDj8HjapItiwniUIK2pvhbiDFMLGZjS1xS1pK7lcdhR1DY9czkIpuwMblD8byzwpH2X9k+zxpZfJ58AYSbAH9sEh8MEpyIMCKIISwICDO/AAHp1758l5dl7GrQlnMrMLpuC8/QIeqaRJ</latexit>
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Challenging Problem
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<latexit sha1_base64="ECeXFYUxwaA85TGnrPt6jlXhO+4=">AAACDnicbVC7SgNBFJ31GeMrainIYBCssruCms6AjWWCbhJIljA7mU2GzOwsM7NCWFJaClb6J5JGbf0Fv8He2smjMIkHLhzOuZd77wliRpV2nC9raXlldW09s5Hd3Nre2c3t7VeVSCQmHhZMyHqAFGE0Ip6mmpF6LAniASO1oHc98mv3RCoqojvdj4nPUSeiIcVIG+m2qSqtXN4pOGPAReJOSf7qfVj5fjgallu5n2Zb4ISTSGOGlGq4Tqz9FElNMSODbDNRJEa4hzqkYWiEOFF+Oj51AE+M0oahkKYiDcfq34kUcaX6PDCdHOmumvdG4n9eI9Fh0U9pFCeaRHiyKEwY1AKO/oZtKgnWrG8IwpKaWyHuIomwNunMbLE9ZSSbi66ktuaxzVkgRG9ggnLnY1kk1bOCe1E4rzj5UhFMkAGH4BicAhdcghK4AWXgAQw64BE8gxfryXq13qyPSeuSNZ05ADOwPn8BZqyhBw==</latexit>

Q

<latexit sha1_base64="RRZ8dws0RNAUScci6e8iGETmWos=">AAACDnicbVDLSgMxFM3UV62vqktBgkVw1ZkR1O4suHHZotMW2kEyaaYNTSZDkhHK0KVLwZX+iXSjbv0Fv8G9a9PHwrYeCBzOOZd7c4KYUaUd58vKLC2vrK5l13Mbm1vbO/ndvZoSicTEw4IJ2QiQIoxGxNNUM9KIJUE8YKQe9K5Gfv2eSEVFdKv7MfE56kQ0pBhpI920VOUuX3CKzhhwkbhTUrh8H1a/Hw6HJv/TaguccBJpzJBSTdeJtZ8iqSlmZJBrJYrECPdQhzQNjRAnyk/Hpw7gsVHaMBTSvEjDsfp3IkVcqT4PTJIj3VXz3kj8z2smOiz5KY3iRJMITxaFCYNawNG/YZtKgjXrG4KwpOZWiLtIIqxNOzNbbE8ZyeaiK6mteWxzFgjRG5ii3PlaFknttOieF8+qTqFcAhNkwQE4AifABRegDK5BBXgAgw54BM/gxXqyXq0362MSzVjTmX0wA+vzF2UEoQY=</latexit>

P

Which divergence between distributions should we use?
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Divergence
Some key desiderata: 

• Tailored to adaptation problem. 

• Captures structure: loss function, hypothesis set. 

• Can be estimated from finite samples. 

• Can be leveraged algorithmically.

8
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Discrepancy
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Discrepancy
Labeled discrepancy: 

Unlabeled discrepancy: 

• also finer local labeled or unlabeled discrepancy (Cortes 
et al., 2019). 

• unlabeled discrepancy coincides with      -distance of 
(Kifer et al., 2004), for zero-one loss.
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<latexit sha1_base64="kO8VwVQcli/nifF7e7W1JfC1m5w="></latexit>

dis(P,Q) = sup
h2H

⇢
E

(x,y)⇠P

[`(h(x), y)]� E
(x,y)⇠Q

[`(h(x), y)]

�
.

<latexit sha1_base64="bIq9RsHI5bVlG/QrAWTj+Yrmlig="></latexit>

dis(P,Q) = sup
h,h02H

⇢
E

x⇠PX

[`(h(x), h0(x))]� E
x⇠QX

[`(h(x), h0(x))]

�
.

<latexit sha1_base64="54XHxuB33r4mwa/0koCqDMva1CE=">AAACDnicbVDLTsJAFJ3iC/GFunQzkZi4oq3xwRLjxiVGERJoyHQ6hQnzaGamJqThE0xc6Z+4M279BX/EtQN0IeBJbnJyzr25954wYVQbz/t2Ciura+sbxc3S1vbO7l55/+BRy1Rh0sSSSdUOkSaMCtI01DDSThRBPGSkFQ5vJn7riShNpXgwo4QEHPUFjSlGxkr3Ue+6V654VW8KuEz8nFRAjkav/NONJE45EQYzpHXH9xITZEgZihkZl7qpJgnCQ9QnHUsF4kQH2fTUMTyxSgRjqWwJA6fq34kMca1HPLSdHJmBXvQm4n9eJzVxLcioSFJDBJ4tilMGjYSTv2FEFcGGjSxBWFF7K8QDpBA2Np25LW5TW8nlcqCoa3jichZKORzboPzFWJbJ41nVv6xe3J1X6rU8siI4AsfgFPjgCtTBLWiAJsCgD57BK3hzXpx358P5nLUWnHzmEMzB+foF1kGcow==</latexit>

dA
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Discrepancy - Properties
Takes into account hypothesis set and loss function. 

Can be accurately estimated from finite samples for a 
hypothesis set with favorable complexity: 

Triangle inequality, distance under some assumptions. 

Upper bounds in terms of     -distance, relative entropy, 
Wassertein distance. 

Coincides with      -distance of (Kifer et al., 2004), for zero-
one loss.
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<latexit sha1_base64="o4iEA6To1lh2VP5zBi8DvtYJ2PY="></latexit>���dis(P,Q)� dis(bP, bQ)
��� = O

✓
1p
m

+
1p
n

◆
.

<latexit sha1_base64="feixiX7vQbAKnBU28MmoENG9tpc=">AAACEXicbVDLTsJAFJ3iC/GFunQzkZi4oq3xwZLEjUtMLJBAQ6bDFEbm0cxMTUjDP5i40j9xZ9z6Bf6IawfoQsCT3OTknHtz7z1Rwqg2nvftFNbWNza3itulnd29/YPy4VFTy1RhEmDJpGpHSBNGBQkMNYy0E0UQjxhpRaPbqd96IkpTKR7MOCEhRwNBY4qRsVKzSxjr+b1yxat6M8BV4uekAnI0euWfbl/ilBNhMENad3wvMWGGlKGYkUmpm2qSIDxCA9KxVCBOdJjNrp3AM6v0YSyVLWHgTP07kSGu9ZhHtpMjM9TL3lT8z+ukJq6FGRVJaojA80VxyqCRcPo67FNFsGFjSxBW1N4K8RAphI0NaGGLG2gruVwOFXUNT1zOIilHExuUvxzLKmleVP3r6tX9ZaVeyyMrghNwCs6BD25AHdyBBggABo/gGbyCN+fFeXc+nM95a8HJZ47BApyvXy+UneY=</latexit>

`1

<latexit sha1_base64="54XHxuB33r4mwa/0koCqDMva1CE=">AAACDnicbVDLTsJAFJ3iC/GFunQzkZi4oq3xwRLjxiVGERJoyHQ6hQnzaGamJqThE0xc6Z+4M279BX/EtQN0IeBJbnJyzr25954wYVQbz/t2Ciura+sbxc3S1vbO7l55/+BRy1Rh0sSSSdUOkSaMCtI01DDSThRBPGSkFQ5vJn7riShNpXgwo4QEHPUFjSlGxkr3Ue+6V654VW8KuEz8nFRAjkav/NONJE45EQYzpHXH9xITZEgZihkZl7qpJgnCQ9QnHUsF4kQH2fTUMTyxSgRjqWwJA6fq34kMca1HPLSdHJmBXvQm4n9eJzVxLcioSFJDBJ4tilMGjYSTv2FEFcGGjSxBWFF7K8QDpBA2Np25LW5TW8nlcqCoa3jichZKORzboPzFWJbJ41nVv6xe3J1X6rU8siI4AsfgFPjgCtTBLWiAJsCgD57BK3hzXpx358P5nLUWnHzmEMzB+foF1kGcow==</latexit>

dA
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Discrepancy Estimation
Notation: 

•    empirical distribution for sample drawn from     . 

•    empirical distribution for sample drawn from     . 

Theorem: With high probability, the following holds: 

Proof: 

12

<latexit sha1_base64="wnxFNfqagSefDJfEd/pEVHkoFjg=">AAACEXicbVDLSgMxFM3UV62vqktBgkVw1ZlxUbuz4MZlC05b6BTJpGknNpkMSUYoQ5fuBVf6JXUj4tYv8BvcuzZ9LGzrgcDhnHO5NyeIGVXacb6szMrq2vpGdjO3tb2zu5ffP6grkUhMPCyYkM0AKcJoRDxNNSPNWBLEA0YaQf9q7DfuiVRURDd6EJM2R72IdilG2kh1P4S+qt7mC07RmQAuE3dGCpdvo9r3w/HI5H/8jsAJJ5HGDCnVcp1Yt1MkNcWMDHN+okiMcB/1SMvQCHGi2unk2iE8NUoHdoU0L9Jwov6dSBFXasADk+RIh2rRG4v/ea1Ed8vtlEZxokmEp4u6CYNawPHXYYdKgjUbGIKwpOZWiEMkEdamoLkttqeMZHMRSmprHtucBUL0h6Yod7GWZVI/L7qlYqnmFCplMEUWHIETcAZccAEq4BpUgQcwuAOP4Bm8WE/Wq/VufUyjGWs2cwjmYH3+AlIKogk=</latexit>

bP
<latexit sha1_base64="9AUsbNlRw2a1GMcK7vWtfayxiNs=">AAACEXicbVC7SgNBFJ31GeMrainIYBCssrsWMZ0BG8sE3CSQhDA7mc2OmdlZZmaFsKS0F6z0S2IjYusX+A321k4ehUk8cOFwzr3ce48fM6q043xZK6tr6xubma3s9s7u3n7u4LCmRCIx8bBgQjZ8pAijEfE01Yw0YkkQ9xmp+/3rsV+/J1JREd3qQUzaHPUiGlCMtJFqrRC2VLWTyzsFZwK4TNwZyV+9jarfDyejSif30+oKnHASacyQUk3XiXU7RVJTzMgw20oUiRHuox5pGhohTlQ7nVw7hGdG6cJASFORhhP170SKuFID7ptOjnSoFr2x+J/XTHRQaqc0ihNNIjxdFCQMagHHr8MulQRrNjAEYUnNrRCHSCKsTUBzW2xPGcnmIpTU1jy2OfOF6A9NUO5iLMukdlFwi4Vi1cmXS2CKDDgGp+AcuOASlMENqAAPYHAHHsEzeLGerFfr3fqYtq5Ys5kjMAfr8xdTsqIK</latexit>

bQ

<latexit sha1_base64="HqfF6QOKcaPZjIz7BL2ueqV4aS8=">AAACEHicbVC7SgNBFJ2NrxhfUUtBFoNgld21iOkM2Fgm4CaBZA2zk9lkyDyWmVkhLCmtBSv9k1SKrX/gN9hbO3kUJvHAhcM593LvPWFMidKu+2Vl1tY3Nrey27md3b39g/zhUV2JRCLsI0GFbIZQYUo49jXRFDdjiSELKW6Eg5uJ33jAUhHB7/QwxgGDPU4igqA2kt9W1XveyRfcojuFvUq8OSlcv41r34+n42on/9PuCpQwzDWiUKmW58Y6SKHUBFE8yrUThWOIBrCHW4ZyyLAK0umxI/vcKF07EtIU1/ZU/TuRQqbUkIWmk0HdV8veRPzPayU6Kgcp4XGiMUezRVFCbS3syed2l0iMNB0aApEk5lYb9aGESJt8FrY4vjKSw0RfEkez2GE0FGIwMkF5y7Gskvpl0SsVSzW3UCmDGbLgBJyBC+CBK1ABt6AKfIAAAU/gBbxaz9bYerc+Zq0Zaz5zDBZgff4CBAqh5w==</latexit>

Pn

<latexit sha1_base64="yddJ42DAztCWYMFfeQT8L5Y9mSU=">AAACEHicbVC7SgNBFJ2NrxhfUUtBFoNgld21iOkM2Fgm4CaBZA2zk9lkyDyWmVkhLCmtBSv9k1SKrX/gN9hbO3kUJvHAhcM593LvPWFMidKu+2Vl1tY3Nrey27md3b39g/zhUV2JRCLsI0GFbIZQYUo49jXRFDdjiSELKW6Eg5uJ33jAUhHB7/QwxgGDPU4igqA2kt9WtXveyRfcojuFvUq8OSlcv41r34+n42on/9PuCpQwzDWiUKmW58Y6SKHUBFE8yrUThWOIBrCHW4ZyyLAK0umxI/vcKF07EtIU1/ZU/TuRQqbUkIWmk0HdV8veRPzPayU6Kgcp4XGiMUezRVFCbS3syed2l0iMNB0aApEk5lYb9aGESJt8FrY4vjKSw0RfEkez2GE0FGIwMkF5y7Gskvpl0SsVSzW3UCmDGbLgBJyBC+CBK1ABt6AKfIAAAU/gBbxaz9bYerc+Zq0Zaz5zDBZgff4CBbSh6A==</latexit>

Qn

<latexit sha1_base64="/wqtciu9fRKwBlwAeE0hdXbSOHk="></latexit>���dis(P,Q)� dis(bP, bQ)
���  2Rn(` �H) + 2Rm(` �H) +O

✓
1p
n
+

1p
m

◆
.

<latexit sha1_base64="k51dSugfXARo+biOhILJE5+KZqw="></latexit>���dis(P,Q)� dis(bP, bQ)
���  sup

h2H

���
h
L(P, h)� L(bP, h)

i
�
h
L(Q, h)� L(bQ, h)

i���.



pageMohri@

Discrepancy - Upper Bounds
Upper bounded by    -distance and relative entropy: 

Upper bounded via importance weights                              :

13

<latexit sha1_base64="tQXsKV/021CeIMuIVRF6PazYotE=">AAACEXicbVDLSgNBEJyNrxiNRj16GQwBT8muoOYYEMRjBDcJJEuYncwmY+axzMwKYck/CJ70A/wHb5KrX+CPeHbyOJjEgoaiqpvurjBmVBvX/XYyG5tb2zvZ3dzefv7gsHB03NAyUZj4WDKpWiHShFFBfEMNI61YEcRDRprh8GbqN5+I0lSKBzOKScBRX9CIYmSs1OgQxrpet1B0y+4McJ14C1Ks5SdJ6Tb3Xu8Wfjo9iRNOhMEMad323NgEKVKGYkbGuU6iSYzwEPVJ21KBONFBOrt2DEtW6cFIKlvCwJn6dyJFXOsRD20nR2agV72p+J/XTkxUDVIq4sQQgeeLooRBI+H0ddijimDDRpYgrKi9FeIBUggbG9DSloqvrVThcqBoxfC4wlko5XBsg/JWY1knjYuyd1W+vLeJVcEcWXAKzsA58MA1qIE7UAc+wOARPINX8Oa8OB/OpzOZt2acxcwJWILz9QsTaKCB</latexit>

`1
<latexit sha1_base64="QO25Rt1qo2MDELjSMpxZrjNhqy4="></latexit>

dis(P,Q) = sup
h2H

⇢
E

(x,y)⇠P

[`(h(x), y)]� E
(x,y)⇠Q

[`(h(x), y)]

�

 sup
h2H

ZZ

X⇥Y

|p(x, y)� q(x, y)||`(h(x), y)| dxdy  `1(P,Q).

<latexit sha1_base64="Br8FxsxQWwTu42scWzGsGaaeIBA="></latexit>

w(x, y) =
p(x, y)

q(x, y)
<latexit sha1_base64="5GPW3EgkJfhiogyhvQc33/SZOpI="></latexit>

dis(P,Q) = sup
h2H

ZZ

X⇥Y

[w(x, y)� 1] q(x, y) `(h(x), y)dxdy

= sup
h2H

E
(x,y)⇠Q

[�w(x, y) `(h(x), y)]


r

E
(x,y)⇠Q

[�2w(x, y)] sup
h2H

E
(x,y)⇠Q

[`2(h(x), y)].
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Discrepancy - Upper Bounds
Upper-bound in terms of Wasserstein distance 

For        -Lipschitz,                                                        , and for a 
hypothesis set      of      -Lipschitz functions,

14

<latexit sha1_base64="occLriqQ2Bf2Rt5R93MgE+1UJHg="></latexit>

W(P,Q) = sup
kfkLip1

⇢
E

x⇠PX

[f(x)]� E
x⇠QX

[f(x)]

�
.

<latexit sha1_base64="qunXIH4XvZE+udjRE4u1BogChGg=">AAACD3icbVBNT8JAEN3iF+IX6tHENBITT7T1gNwk8eIREgsk0JDtsqUbdrvN7taENBy9mnjSfyIn4tWf4G/w7tktcBDwJZO8vDeTmXl+TIlUtv1l5DY2t7Z38ruFvf2Dw6Pi8UlT8kQg7CJOuWj7UGJKIuwqoihuxwJD5lPc8od3md96xEISHj2oUYw9BgcRCQiCKpO6mNJesWSX7RnMdeIsSOl2Oml8P51P6r3iT7fPUcJwpBCFUnYcO1ZeCoUiiOJxoZtIHEM0hAPc0TSCDEsvnd06Ni+10jcDLnRFypypfydSyKQcMV93MqhCuepl4n9eJ1FB1UtJFCcKR2i+KEioqbiZPW72icBI0ZEmEAmibzVRCAVESseztMVypZYsxkNBLMVii1Gf8+FYB+WsxrJOmtdlp1KuNOxSrQrmyIMzcAGugANuQA3cgzpwAQIheAav4M14Md6NqfExb80Zi5lTsATj8xdVoKGL</latexit>

`
<latexit sha1_base64="BbQZlCjIjGxvLnlyNgSA93hFzZM=">AAACE3icbVDLSsNAFJ34rPVV7dJNsBRcNYmL2mXBjcsKpi00oUymk3boPMLMRCihO79AcKV/4k7EnR+gH+AXiGunj4VtPXDhcM693HtPlFCitOt+WGvrG5tb27md/O7e/sFh4ei4qUQqEfaRoEK2I6gwJRz7mmiK24nEkEUUt6Lh5cRv3WKpiOA3epTgkME+JzFBUBupHbC0G2BKu4WSW3GnsFeJNyelerF89/329dnoFn6CnkApw1wjCpXqeG6iwwxKTRDF43yQKpxANIR93DGUQ4ZVmE3vHdtlo/TsWEhTXNtT9e9EBplSIxaZTgb1QC17E/E/r5PquBZmhCepxhzNFsUptbWwJ8/bPSIx0nRkCESSmFttNIASIm0iWtji+MpIDhMDSRzNEofRSIjh2ATlLceySprnFa9aqV6bxGpghhw4AafgDHjgAtTBFWgAHyBAwT14BE/Wg/VsvVivs9Y1az5TBAuw3n8B2CGjeg==</latexit>µ`

<latexit sha1_base64="71vNnwzF5L06oabLobll2tSWR2E="></latexit>

`(h(x), h0(x))  µ`|h(x)� h0(x)|
<latexit sha1_base64="6pJEYM73ePqe0t3pmsOp1OWE5Dk=">AAACDnicbVC7TgJBFJ3FF+ILtTQxE4mJFexaIJ0kNpQQXSCBDZkdZmHCzM5mZtaEbCgtTaz0TwyN2voLfoO9tcOjEPAkNzk5597ce48fMaq0bX9ZqbX1jc2t9HZmZ3dv/yB7eFRXIpaYuFgwIZs+UoTRkLiaakaakSSI+4w0/MHNxG/cE6moCO/0MCIeR72QBhQjbaTbtqp0sjk7b08BV4kzJ7nr93Ht++F0XO1kf9pdgWNOQo0ZUqrl2JH2EiQ1xYyMMu1YkQjhAeqRlqEh4kR5yfTUETw3ShcGQpoKNZyqfycSxJUact90cqT7atmbiP95rVgHJS+hYRRrEuLZoiBmUAs4+Rt2qSRYs6EhCEtqboW4jyTC2qSzsKXgKiMVuOhLWtA8KnDmCzEYmaCc5VhWSf0y7xTzxZqdK5fADGlwAs7ABXDAFSiDCqgCF2DQA4/gGbxYT9ar9WZ9zFpT1nzmGCzA+vwFWBag/w==</latexit>

H
<latexit sha1_base64="m6WpN0IJlWrZxfNZFbSiZOW1OlM=">AAACEnicbVDLSsNAFJ3UV62vapdugqXgqklc1C4LbrqsYNpCE8pkOmmHzGTCzEQooTt/QHClf+JOBFf+gH6AXyCunT4WtvXAhcM593LvPUFCiVS2/WHkNja3tnfyu4W9/YPDo+LxSVvyVCDsIk656AZQYkpi7CqiKO4mAkMWUNwJoqup37nFQhIe36hxgn0GhzEJCYJKSx2PpX1PNvvFsl21ZzDXibMg5Uapcvf99vXZ6hd/vAFHKcOxQhRK2XPsRPkZFIogiicFL5U4gSiCQ9zTNIYMSz+bnTsxK1oZmCEXumJlztS/ExlkUo5ZoDsZVCO56k3F/7xeqsK6n5E4SRWO0XxRmFJTcXP6uzkgAiNFx5pAJIi+1UQjKCBSOqGlLZYrtWQxPhLEUiyxGA04jyY6KGc1lnXSvqg6tWrtWidWB3PkwSk4A+fAAZegAZqgBVyAQATuwSN4Mh6MZ+PFeJ235ozFTAkswXj/Bdjyou4=</latexit>µH

<latexit sha1_base64="oJhcisRoAV0fbPjC61Nzetv4Hz0="></latexit>

|h(x0)� h0(x0)|� |h(x)� h0(x)|  2µH|x0 � x|,
<latexit sha1_base64="sN0u9ZESd5zg1buky5qnQ6X0l9w="></latexit>

dis(P,Q) = sup
h,h02H

⇢
E

x2PX

[`(h(x), h0(x))]� E
x2QX

[`(h(x), h0(x))]

�

 2µ` µHW(P,Q).
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Discrepancy-Based Guarantee
Notation: 

Theorem: Assume that    verifies the triangle inequality. 
Then, the following inequality holds for all            :

15

<latexit sha1_base64="5D2TJxmjhYSs8Ws8NUxpNp4s+XY="></latexit>

L(P, h) = E
(x,y)⇠P

[`(h(x), y)]
<latexit sha1_base64="9Fgv5v0uuykR25c2A9BUhlgXSGY="></latexit>

L(P, h, h0) = E
x⇠PX

[`(h(x), h0(x))].

<latexit sha1_base64="qunXIH4XvZE+udjRE4u1BogChGg=">AAACD3icbVBNT8JAEN3iF+IX6tHENBITT7T1gNwk8eIREgsk0JDtsqUbdrvN7taENBy9mnjSfyIn4tWf4G/w7tktcBDwJZO8vDeTmXl+TIlUtv1l5DY2t7Z38ruFvf2Dw6Pi8UlT8kQg7CJOuWj7UGJKIuwqoihuxwJD5lPc8od3md96xEISHj2oUYw9BgcRCQiCKpO6mNJesWSX7RnMdeIsSOl2Oml8P51P6r3iT7fPUcJwpBCFUnYcO1ZeCoUiiOJxoZtIHEM0hAPc0TSCDEsvnd06Ni+10jcDLnRFypypfydSyKQcMV93MqhCuepl4n9eJ1FB1UtJFCcKR2i+KEioqbiZPW72icBI0ZEmEAmibzVRCAVESseztMVypZYsxkNBLMVii1Gf8+FYB+WsxrJOmtdlp1KuNOxSrQrmyIMzcAGugANuQA3cgzpwAQIheAav4M14Md6NqfExb80Zi5lTsATj8xdVoKGL</latexit>

`
<latexit sha1_base64="dh+/Hsuu+nfMhbIkAxFF6C/9Fz0=">AAACFHicbVC7SgNBFJ2NrxhfUUubwSBYJbsWMWBhwCZlBPOQbAizk9lkyDyWmVkhhID/IFjpn9iJ2Nn7DyI2Wjt5FCbxwIXDOfdy7z1BxKg2rvvuJJaWV1bXkuupjc2t7Z307l5Vy1hhUsGSSVUPkCaMClIx1DBSjxRBPGCkFvQuRn7thihNpbgy/Yg0OeoIGlKMjJWuu9CnAvq61Epn3Kw7Blwk3pRkzr8+vz9uX8/KrfSP35Y45kQYzJDWDc+NTHOAlKGYkWHKjzWJEO6hDmlYKhAnujkYHzyER1Zpw1AqW8LAsfp3YoC41n0e2E6OTFfPeyPxP68Rm7DQHFARxYYIPFkUxgwaCUffwzZVBBvWtwRhRe2tEHeRQtjYjGa25CraSjkuu4rmDI9ynAVS9oY2KG8+lkVSPcl6+Wz+0s0UC2CCJDgAh+AYeOAUFEEJlEEFYMDBHXgAj8698+Q8Oy+T1oQzndkHM3DefgEe+6RK</latexit>

h 2 H

<latexit sha1_base64="Pse02uZz1xaIZn/E73LzS9GnDE0="></latexit>

L(P, h)  inf
(hQ,hP)2Hall⇥H

_(hQ,hP)2H⇥Hall

n
L(Q, h, hQ) + dis(P,Q) + L(P, hP)

+ min
�
L(Q, hQ, hP),L(P, hQ, hP)

 o
.
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Discrepancy-Based Guarantee
Properties: 

• always tighter than bound of (Ben-David et al., 2010): 

• for same best-in class hypotheses                        , bound 
becomes: 

• for consistent case, bound becomes:

16

<latexit sha1_base64="EJSzgRRgN60plUyTqg//u/kLK5E="></latexit>

L(P, h)  L(Q, h) + dis(P,Q) + min
h02H

{L(Q, h0) + L(P, h0)}.

<latexit sha1_base64="rFPCK4wY5I/xDcBbFouLJBr2HY8=">AAACJHicbZBNS0JBFIbn2pfZl9WioM2QBNFC740wN4HQpqVCVwU1mTuOOjhz5zJzbiDiqp8StKp/0iaiRZt+RuvGj0VaLww8vOcczpk3iAQ34LqfTmJpeWV1Lbme2tjc2t5J7+5VjIo1ZT5VQulaQAwTPGQ+cBCsFmlGZCBYNehfj+vVe6YNV+EtDCLWlKQb8g6nBKzVSh/07s5aDVPGV3hKpRmlM27WnQj/BW8GmeJhHt7oxUOplf5utBWNJQuBCmJM3XMjaA6JBk4FG6UasWERoX3SZXWLIZHMNIeTD4zwiXXauKO0fSHgift7YkikMQMZ2E5JoGcWa2Pzv1o9hk6hOeRhFAML6XRRJxYYFB6ngdtcMwpiYIFQze2tmPaIJhRsZnNbcr6xVk6qnuY5kFFOikCp/sgG5S3G8hcq51kvn82XbWIFNFUSHaFjdIo8dImK6AaVkI8oGqFH9IxenCfn1Xl3PqatCWc2s4/m5Hz9AGkvpkk=</latexit>

h⇤
Q = h⇤

P = h⇤

<latexit sha1_base64="31hiP7/O2br4LakwRopdRBfjSTs="></latexit>

L(P, h)  L(Q, h, h⇤) + dis(P,Q) + L(P, h⇤).

<latexit sha1_base64="b0hC/cbmPa/VtPtp5VF4KziXDew="></latexit>

L(P, h)  L(Q, h, fP) + dis(P,Q).
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Discrepancy-Based Guarantee
Proof: By definition of the triangle inequality and the 
discrepancy, 

• Combining similar inequalities yields:

17

<latexit sha1_base64="Fw9NX7YUnccdcEu8dUE3c1VFMOk="></latexit>

L(P, h)  inf
hP2H

n
L(P, h, hP) + L(P, hP)

o
(triangle ineq.)

 inf
hP2H

n
L(Q, h, hP) + dis(P,Q) + L(P, hP)

o
(def. of discrepancy)

 inf
hQ2Hall,hP2H

n
L(Q, h, hQ) + L(Q, hQ, hP) + dis(P,Q) + L(P, hP)

o
.

(triangle ineq.)

<latexit sha1_base64="xmBc/N3Vb1NzfjD93Y3vyCpYRaQ="></latexit>

L(P, h) 

inf
(hQ,hP)2Hall⇥H

_(hQ,hP)2H⇥Hall

n
L(Q, h, hQ) + dis(P,Q) + L(P, hP) + min

�
L(Q, hQ, hP),L(P, hQ, hP)

 o
.
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Reweighting 
Algorithms
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Reweighting Algorithms
Ideas: 

• Sample weights to reduce empirical discrepancy. 

• Weights can affect weighted empirical loss. 

• Select weights and predictor jointly. 

General class of adaptation algorithm: 

• KMM (Huang et al., 2006). 

• KLIEP (Sugiyama et al., 2007). 

• Importance weighting (analysis by (Cortes et al., 2010)). 

• Discrepancy minimization (Cortes & MM, 2014). 

• Generalized disc. minimization (Cortes et al., 2019).
19
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Learning Setup
General supervised adaptation scenario: 

• Labeled sample  

• Labeled sample 

• Non-negative weight vector                       . 

• Total weight of first      samples:  

Problem: 

• Find weights                        and             to achieve small 
target domain expected loss             .

20

<latexit sha1_base64="B3QB6rHL+Wt3aXgf7Hn+yceo4Iw="></latexit>

S = ((x1, ym), . . . , (xm, ym)) ⇠ Qm.
<latexit sha1_base64="s7zm21/5pzyARbtkEg+MFaifO08="></latexit>

S0 = ((xm+1, ym+1), . . . , (xm+n, ym+n)) ⇠ Pn.
<latexit sha1_base64="Wq00e4Yh2QprlWVRAraSWLv0DJU="></latexit>

q 2 [0, 1]m+n

<latexit sha1_base64="q7k6f9VpZjIzlIL1aVgm1gHidvs="></latexit>

q =
Pm

i=1 qi.
<latexit sha1_base64="mySC8dwvUIWjXC8j7ZsxtLWETLM=">AAACDHicbVC7SgNBFJ2NrxhfUUtBFoNgld21iOkM2Fgm4CaBZAmzk9lkyDyWmVkhLCmtBCv9E4uAaOk/+A321k4ehUk8cOFwzr3ce08YU6K0635ZmbX1jc2t7HZuZ3dv/yB/eFRXIpEI+0hQIZshVJgSjn1NNMXNWGLIQoob4eBm4jfusVRE8Ds9jHHAYI+TiCCojVRjnXzBLbpT2KvEm5PC9ce49v1wOq528j/trkAJw1wjCpVqeW6sgxRKTRDFo1w7UTiGaAB7uGUohwyrIJ0eOrLPjdK1IyFNcW1P1b8TKWRKDVloOhnUfbXsTcT/vFaio3KQEh4nGnM0WxQl1NbCnnxtd4nESNOhIRBJYm61UR9KiLTJZmGL4ysjOUz0JXE0ix1GQyEGIxOUtxzLKqlfFr1SsVTzCpUymCELTsAZuAAeuAIVcAuqwAcIYPAInsGL9WS9Wm/W+6w1Y81njsECrM9f83ugQg==</latexit>m

<latexit sha1_base64="Wq00e4Yh2QprlWVRAraSWLv0DJU="></latexit>

q 2 [0, 1]m+n <latexit sha1_base64="P2S3Fc8BivICZbvWqZLsk9Pi7e4=">AAACFHicbVC7SgNBFJ2NrxhfUUubwSBYJbsWMWBhwCZlBPOQbAizk9lkyDyWmVkhhID/IFjpn9iJ2Nn7DyI2Wjt5FCbxwIXDOfdy7z1BxKg2rvvuJJaWV1bXkuupjc2t7Z307l5Vy1hhUsGSSVUPkCaMClIx1DBSjxRBPGCkFvQuRn7thihNpbgy/Yg0OeoIGlKMjJWuu9CnAvq61Epn3Kw7Blwk3pRkzr8+vz9uX8/KrfSP35Y45kQYzJDWDc+NTHOAlKGYkWHKjzWJEO6hDmlYKhAnujkYHzyER1Zpw1AqW8LAsfp3YoC41n0e2E6OTFfPeyPxP68Rm7DQHFARxYYIPFkUxgwaCUffwzZVBBvWtwRhRe2tEHeRQtjYjGa25CraSjkuu4rmDI9ynAVS9oY2KG8+lkVSPcl6+Wz+0ssUC2CCJDgAh+AYeOAUFEEJlEEFYMDBHXgAj8698+Q8Oy+T1oQzndkHM3DefgEfS6RL</latexit>

h 2 H
<latexit sha1_base64="DnXvXeQlbkr9q1DqcHQ2nx0cDrk=">AAACFnicbVC7SgNBFJ2NryS+ojaCzWAQIkh21yKmDNpYWEQwD8guYXYyyQ6Z2VlmZoUYAv6EYKX/4AfYia2t4HdYO0ksTOKBC4dz7uXee4KYUaUd59NKLS2vrK6lM9n1jc2t7dzObl2JRGJSw4IJ2QyQIoxGpKapZqQZS4J4wEgj6F+M/cYtkYqK6EYPYuJz1Itol2KkjdTy8FXBU9UTGB63c3mn6EwAF4n7S/KV/buvzP3LebWd+/Y6AiecRBozpFTLdWLtD5HUFDMyynqJIjHCfdQjLUMjxInyh5OTR/DIKB3YFdJUpOFE/TsxRFypAQ9MJ0c6VPPeWPzPayW6W/aHNIoTTSI8XdRNGNQCjv+HHSoJ1mxgCMKSmlshDpFEWJuUZrbYNWUkm4tQUlvz2OYsEKI/MkG587Eskvpp0S0VS9duvlIGU6TBATgEBeCCM1ABl6AKagADAR7AE3i2Hq1X6816n7amrN+ZPTAD6+MHWoKiRw==</latexit>

L(P, h)
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Weighted Rademacher Comp.
For                         , 

• By Talagrand’s contraction lemma,
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<latexit sha1_base64="yA+opG4IEMjJj47068VDovv5pGw="></latexit>

q 2 [0, 1][m+n]

<latexit sha1_base64="BuiLGBWq2YZpRO2MV9g6ZtVUcDY="></latexit>

Rq(` �H) = E
S,S0,�

"
sup
h2H

m+nX

i=1

�iqi`(h(xi), yi)

#
.

<latexit sha1_base64="ovel95fIEk9bXt52CkEVoBgK+as="></latexit>

Rq(` �H)  kqk1(m+ n)Rm+n(` �H).
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Reweighting Learning Bound
Theorem: fix weights                         . Then, with probability 
at least           over the draw of a sample               from the 
source domain and               , for any            ,
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<latexit sha1_base64="pvx0GQ+6rpjfwe8qJPOleUDLcgw="></latexit>

q 2 [0, 1][m+n]

<latexit sha1_base64="XAF+sqZynMPY5KGkH5xLKivi0no=">AAACFXicbVC7SkNBEJ0b3++opc1iEGxM7hXUlIKNYBPBqJiEsHezMUv2cdmdK4SQvxCs9CPs7cTWJo0forWbxEITDwwczplhZk6cSOEwDD+CzNT0zOzc/MLi0vLK6lp2fePSmdQyXmZGGnsdU8el0LyMAiW/TiynKpb8Km6fDPyrO26dMPoCOwmvKXqrRVMwil66icgeqTa4RFrP5sJ8OASZJNEPyR3D53O/nzkr1bNf1YZhqeIamaTOVaIwwVqXWhRM8t5iNXU8oaxNb3nFU00Vd7Xu8OIe2fFKgzSN9aWRDNXfE12qnOuo2Hcqii037g3E/7xKis1irSt0kiLXbLSomUqChgzeJw1hOUPZ8YQyK/ythLWopQx9SH+2FMrOSwVlWlYUUCUFJWNj2j0fVDQeyyS53M9Hh/mDc59YEUaYhy3Yhl2I4AiO4RRKUAYGGu7hEZ6Ch+AleA3eRq2Z4GdmE/4geP8G7uyiwQ==</latexit>

1� �
<latexit sha1_base64="eAh2C/fPLX/0KJHWFkOriVm7FbA=">AAACF3icbVC7SgNBFJ2NrxhfUUtBBoNgld0V1HQGbCwTdJNAdg2zk0kyZGZnmZkVQkjpLwhW+hmptBNbS7/B3trJozCJB+7lcM693MsJY0aVdpwvK7W0vLK6ll7PbGxube9kd/cqSiQSEw8LJmQtRIowGhFPU81ILZYE8ZCRati9GvnVeyIVFdGt7sUk4Kgd0RbFSBvJv4G+oty08h1vZHNO3hkDLhJ3SnKXr8Py98PhsNTI/vhNgRNOIo0ZUqruOrEO+khqihkZZPxEkRjhLmqTuqER4kQF/fHPA3hslCZsCWkq0nCs/t3oI65Uj4dmkiPdUfPeSPzPqye6VQj6NIoTTSI8OdRKGNQCjgKATSoJ1qxnCMKSml8h7iCJsDYxzVyxPWUkm4uOpLbmsc1ZKER3YIJy52NZJJXTvHuePys7uWIBTJAGB+AInAAXXIAiuAYl4AEMYvAInsGL9WS9We/Wx2Q0ZU139sEMrM9fxgKkZA==</latexit>

S ⇠ Qm
<latexit sha1_base64="1VZlS1naCBKIuja32v1wHIi/iMg=">AAACGHicbVC7SgNBFJ2NrxhfUUtBBoNolewKajoDNpYJmgcka5idTJIh81hnZoUQUvoNgpX+RSqxE1s7v8He2smjMIkH7uVwzr3cywlCRrVx3S8ntrC4tLwSX02srW9sbiW3d0paRgqTIpZMqkqANGFUkKKhhpFKqAjiASPloHM59Mv3RGkqxY3phsTnqCVok2JkrORfH8Gapty2/K2oJ1Nu2h0BzhNvQlIXr4PC98P+IF9P/tQaEkecCIMZ0rrquaHxe0gZihnpJ2qRJiHCHdQiVUsF4kT7vdHTfXholQZsSmVLGDhS/270ENe6ywM7yZFp61lvKP7nVSPTzPo9KsLIEIHHh5oRg0bCYQKwQRXBhnUtQVhR+yvEbaQQNjanqSuZorZShsu2ohnDwwxngZSdvg3Km41lnpRO0t5Z+rTgpnJZMEYc7IEDcAw8cA5y4ArkQRFgcAcewTN4cZ6cN+fd+RiPxpzJzi6YgvP5Cy3FpJU=</latexit>

S0 ⇠ Pn <latexit sha1_base64="3Ax8XH4HXwO1trlSUGfwNv1eb4I=">AAACFHicbVC7SgNBFJ2NrxhfUUubwSBYZXcFNWBhwCZlBPOQbAizk0kyZB7LzKwQQsB/EKz0T+xE7Oz9BxEbrZ08CpN44MLhnHu5954wYlQbz3t3EguLS8srydXU2vrG5lZ6e6esZawwKWHJpKqGSBNGBSkZahipRoogHjJSCbsXQ79yQ5SmUlyZXkTqHLUFbVGMjJWuOzCgAga60EhnvKw3Apwn/oRkzr8+vz9uX8+KjfRP0JQ45kQYzJDWNd+LTL2PlKGYkUEqiDWJEO6iNqlZKhAnut4fHTyAB1ZpwpZUtoSBI/XvRB9xrXs8tJ0cmY6e9Ybif14tNq1cvU9FFBsi8HhRK2bQSDj8HjapItiwniUIK2pvhbiDFMLGZjS1xS1pK7lcdhR1DY9czkIpuwMblD8byzwpH2X9k+zxpZfJ58AYSbAH9sEh8MEpyIMCKIISwICDO/AAHp1758l5dl7GrQlnMrMLpuC8/QIeqaRJ</latexit>

h 2 H

<latexit sha1_base64="+AIBjQTMhUgr+7XpIJz/ZstaPgE="></latexit>

L(P, h) 
m+nX

i=1

qi`(h(xi), yi) + dis
⇣⇥

(1� kqk1) + q
⇤
P, qQ

⌘

+ 2Rq(` �H) + kqk2

s
log 1

�

2
.

<latexit sha1_base64="xczrQnYTsBEusraGpNjIcsek/08="></latexit>

qdis(P,Q)

<latexit sha1_base64="Q4bNdEScz0dTLbvTR2xyrGtwtZ4=">AAACD3icbVBNT8JAEN36ifiFejQxjcTEE209IDdJvHiExAIJNGS7bOmG3W7d3ZqQhqNXE0/6T+REvPoT/A3ePbsFDgK+ZJKX92YyM8+PKZHKtr+MtfWNza3t3E5+d2//4LBwdNyQPBEIu4hTLlo+lJiSCLuKKIpbscCQ+RQ3/cFt5jcfsZCER/dqGGOPwX5EAoKgyqSODB66haJdsqcwV4kzJ8Wbybj+/XQ2rnULP50eRwnDkUIUStl27Fh5KRSKIIpH+U4icQzRAPZxW9MIMiy9dHrryLzQSs8MuNAVKXOq/p1IIZNyyHzdyaAK5bKXif957UQFFS8lUZwoHKHZoiChpuJm9rjZIwIjRYeaQCSIvtVEIRQQKR3PwhbLlVqyGA8FsRSLLUZ9zgcjHZSzHMsqaVyVnHKpXLeL1QqYIQdOwTm4BA64BlVwB2rABQiE4Bm8gjfjxXg3JsbHrHXNmM+cgAUYn79rPqGY</latexit>q distribution
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Reweighting Lower Bound
Theorem: fix distribution                  . Then, for any with        , 
there exists             such that for any         , with probability 
at least           over the draw of a sample               from the 
source domain and               , 

• for                                                  .
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<latexit sha1_base64="XAF+sqZynMPY5KGkH5xLKivi0no=">AAACFXicbVC7SkNBEJ0b3++opc1iEGxM7hXUlIKNYBPBqJiEsHezMUv2cdmdK4SQvxCs9CPs7cTWJo0forWbxEITDwwczplhZk6cSOEwDD+CzNT0zOzc/MLi0vLK6lp2fePSmdQyXmZGGnsdU8el0LyMAiW/TiynKpb8Km6fDPyrO26dMPoCOwmvKXqrRVMwil66icgeqTa4RFrP5sJ8OASZJNEPyR3D53O/nzkr1bNf1YZhqeIamaTOVaIwwVqXWhRM8t5iNXU8oaxNb3nFU00Vd7Xu8OIe2fFKgzSN9aWRDNXfE12qnOuo2Hcqii037g3E/7xKis1irSt0kiLXbLSomUqChgzeJw1hOUPZ8YQyK/ythLWopQx9SH+2FMrOSwVlWlYUUCUFJWNj2j0fVDQeyyS53M9Hh/mDc59YEUaYhy3Yhl2I4AiO4RRKUAYGGu7hEZ6Ch+AleA3eRq2Z4GdmE/4geP8G7uyiwQ==</latexit>

1� �
<latexit sha1_base64="eAh2C/fPLX/0KJHWFkOriVm7FbA=">AAACF3icbVC7SgNBFJ2NrxhfUUtBBoNgld0V1HQGbCwTdJNAdg2zk0kyZGZnmZkVQkjpLwhW+hmptBNbS7/B3trJozCJB+7lcM693MsJY0aVdpwvK7W0vLK6ll7PbGxube9kd/cqSiQSEw8LJmQtRIowGhFPU81ILZYE8ZCRati9GvnVeyIVFdGt7sUk4Kgd0RbFSBvJv4G+oty08h1vZHNO3hkDLhJ3SnKXr8Py98PhsNTI/vhNgRNOIo0ZUqruOrEO+khqihkZZPxEkRjhLmqTuqER4kQF/fHPA3hslCZsCWkq0nCs/t3oI65Uj4dmkiPdUfPeSPzPqye6VQj6NIoTTSI8OdRKGNQCjgKATSoJ1qxnCMKSml8h7iCJsDYxzVyxPWUkm4uOpLbmsc1ZKER3YIJy52NZJJXTvHuePys7uWIBTJAGB+AInAAXXIAiuAYl4AEMYvAInsGL9WS9We/Wx2Q0ZU139sEMrM9fxgKkZA==</latexit>

S ⇠ Qm
<latexit sha1_base64="1VZlS1naCBKIuja32v1wHIi/iMg=">AAACGHicbVC7SgNBFJ2NrxhfUUtBBoNolewKajoDNpYJmgcka5idTJIh81hnZoUQUvoNgpX+RSqxE1s7v8He2smjMIkH7uVwzr3cywlCRrVx3S8ntrC4tLwSX02srW9sbiW3d0paRgqTIpZMqkqANGFUkKKhhpFKqAjiASPloHM59Mv3RGkqxY3phsTnqCVok2JkrORfH8Gapty2/K2oJ1Nu2h0BzhNvQlIXr4PC98P+IF9P/tQaEkecCIMZ0rrquaHxe0gZihnpJ2qRJiHCHdQiVUsF4kT7vdHTfXholQZsSmVLGDhS/270ENe6ywM7yZFp61lvKP7nVSPTzPo9KsLIEIHHh5oRg0bCYQKwQRXBhnUtQVhR+yvEbaQQNjanqSuZorZShsu2ohnDwwxngZSdvg3Km41lnpRO0t5Z+rTgpnJZMEYc7IEDcAw8cA5y4ArkQRFgcAcewTN4cZ6cN+fd+RiPxpzJzi6YgvP5Cy3FpJU=</latexit>

S0 ⇠ Pn

<latexit sha1_base64="wXtN037aqf8B7lc2TwCHIjDHoWQ="></latexit>

q 2 �m+n
<latexit sha1_base64="diVerePF10KHI/TpMsTllQGVHds=">AAACFXicbVC7SgNBFJ2NrxhfUUubiUGwSnYtYkDQgI1lBPPAbAizk0kyZB7LzKwQQsCPEKz0T+xES2v/QcRGayePwiQeuHA4517uvScIGdXGdd+d2MLi0vJKfDWxtr6xuZXc3ilrGSlMSlgyqaoB0oRRQUqGGkaqoSKIB4xUgu750K/cEKWpFFemF5I6R21BWxQjY6Vrn0A/deqnoNtIpt2MOwKcJ96EpM++Pr8/bl9Pio3kj9+UOOJEGMyQ1jXPDU29j5ShmJFBwo80CRHuojapWSoQJ7reH108gAdWacKWVLaEgSP170Qfca17PLCdHJmOnvWG4n9eLTKtfL1PRRgZIvB4USti0Eg4fB82qSLYsJ4lCCtqb4W4gxTCxoY0tSVb0lbKctlRNGt4mOUskLI7sEF5s7HMk/JRxstlcpduupAHY8TBHtgHh8ADx6AALkARlAAGAtyBB/Do3DtPzrPzMm6NOZOZXTAF5+0XYgOjyw==</latexit>

✏>0
<latexit sha1_base64="dh+/Hsuu+nfMhbIkAxFF6C/9Fz0=">AAACFHicbVC7SgNBFJ2NrxhfUUubwSBYJbsWMWBhwCZlBPOQbAizk9lkyDyWmVkhhID/IFjpn9iJ2Nn7DyI2Wjt5FCbxwIXDOfdy7z1BxKg2rvvuJJaWV1bXkuupjc2t7Z307l5Vy1hhUsGSSVUPkCaMClIx1DBSjxRBPGCkFvQuRn7thihNpbgy/Yg0OeoIGlKMjJWuu9CnAvq61Epn3Kw7Blwk3pRkzr8+vz9uX8/KrfSP35Y45kQYzJDWDc+NTHOAlKGYkWHKjzWJEO6hDmlYKhAnujkYHzyER1Zpw1AqW8LAsfp3YoC41n0e2E6OTFfPeyPxP68Rm7DQHFARxYYIPFkUxgwaCUffwzZVBBvWtwRhRe2tEHeRQtjYjGa25CraSjkuu4rmDI9ynAVS9oY2KG8+lkVSPcl6+Wz+0s0UC2CCJDgAh+AYeOAUFEEJlEEFYMDBHXgAj8698+Q8Oy+T1oQzndkHM3DefgEe+6RK</latexit>

h 2 H
<latexit sha1_base64="heNEvHx1eSH5TsOUecb2oiRa7Fw=">AAACGXicbVA9SwNBFNyLXzF+RS1tVoNglbuziAFBBRtLBWOEXJS9vU2yZPf22H0nhBDwZwhW+k+sFFsr/4OIjdZuEgsTHXgwzLzHPCZMBDfgea9OZmJyanomO5ubm19YXMovr5wZlWrKKlQJpc9DYpjgMasAB8HOE82IDAWrhu3Dvl+9YtpwFZ9CJ2F1SZoxb3BKwEoXQcQEEBys7wXr2LvMF7yiNwD+S/wfUtj/eP98u37cPb7MfwWRoqlkMVBBjKn5XgL1LtHAqWC9XJAalhDaJk1WszQmkpl6d/B1D29aJcINpe3EgAfq74sukcZ0ZGg3JYGWGff64n9eLYVGud7lcZICi+kwqJEKDAr3K8AR14yC6FhCqOb2V0xbRBMKtqiRFLdirORK1dLcBZm4UoRKtXu2KH+8lr/kbLvol4qlE69wUEZDZNEa2kBbyEc76AAdoWNUQRRpdIPu0L1z6zw4T87zcDXj/NysohE4L9/Cj6WY</latexit>

�>0

<latexit sha1_base64="3HxTEsaZnl05GLTgaJKM4WYVBmc="></latexit>

kqk2,Rq(` �H) 2 O

⇣
1p

m+n

⌘

<latexit sha1_base64="8WeYYq0HRgtmrLKWJBoJHq8f0c8="></latexit>

L(P, h) �
m+nX

i=1

qi`(h(xi), yi) + qdis(P,Q) + ⌦

✓
1p

m+ n

◆
.



pageMohri@

Reweighting Uniform Bound
Theorem: For any         , with probability at least          over 
the draw of a sample               and sample              , the 
following holds for all             and                       , 

•   : reference weights.
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<latexit sha1_base64="heNEvHx1eSH5TsOUecb2oiRa7Fw=">AAACGXicbVA9SwNBFNyLXzF+RS1tVoNglbuziAFBBRtLBWOEXJS9vU2yZPf22H0nhBDwZwhW+k+sFFsr/4OIjdZuEgsTHXgwzLzHPCZMBDfgea9OZmJyanomO5ubm19YXMovr5wZlWrKKlQJpc9DYpjgMasAB8HOE82IDAWrhu3Dvl+9YtpwFZ9CJ2F1SZoxb3BKwEoXQcQEEBys7wXr2LvMF7yiNwD+S/wfUtj/eP98u37cPb7MfwWRoqlkMVBBjKn5XgL1LtHAqWC9XJAalhDaJk1WszQmkpl6d/B1D29aJcINpe3EgAfq74sukcZ0ZGg3JYGWGff64n9eLYVGud7lcZICi+kwqJEKDAr3K8AR14yC6FhCqOb2V0xbRBMKtqiRFLdirORK1dLcBZm4UoRKtXu2KH+8lr/kbLvol4qlE69wUEZDZNEa2kBbyEc76AAdoWNUQRRpdIPu0L1z6zw4T87zcDXj/NysohE4L9/Cj6WY</latexit>

�>0
<latexit sha1_base64="dWXQl0K3aV42/PligRNLpT9Hyio=">AAACFXicbVC7SkNBEJ0bX/EdtbRZDIKNyb0WMWXARrCJYFRMQti72Zgl+7jszhVCyF8IVvoR9nZia5PGD9HaTWLh68DA4ZwZZubEiRQOw/AtyMzMzs0vZBeXlldW19ZzG5vnzqSW8Roz0tjLmDouheY1FCj5ZWI5VbHkF3HvaOxf3HDrhNFn2E94U9FrLTqCUfTSVUT2SaPNJdJWLh8WwgnIXxJ9kXwF3h9Ho8xJtZX7aLQNSxXXyCR1rh6FCTYH1KJgkg+XGqnjCWU9es3rnmqquGsOJhcPya5X2qRjrC+NZKJ+nxhQ5Vxfxb5TUey6395Y/M+rp9gpNwdCJylyzaaLOqkkaMj4fdIWljOUfU8os8LfSliXWsrQh/RjS7HmvFRUpmtFEVVSVDI2pjf0QUW/Y/lLzg8KUalQOvWJlWGKLGzDDuxBBIdQgWOoQg0YaLiFe3gI7oKn4Dl4mbZmgq+ZLfiB4PUT7z6iwg==</latexit>

1� �
<latexit sha1_base64="eAh2C/fPLX/0KJHWFkOriVm7FbA=">AAACF3icbVC7SgNBFJ2NrxhfUUtBBoNgld0V1HQGbCwTdJNAdg2zk0kyZGZnmZkVQkjpLwhW+hmptBNbS7/B3trJozCJB+7lcM693MsJY0aVdpwvK7W0vLK6ll7PbGxube9kd/cqSiQSEw8LJmQtRIowGhFPU81ILZYE8ZCRati9GvnVeyIVFdGt7sUk4Kgd0RbFSBvJv4G+oty08h1vZHNO3hkDLhJ3SnKXr8Py98PhsNTI/vhNgRNOIo0ZUqruOrEO+khqihkZZPxEkRjhLmqTuqER4kQF/fHPA3hslCZsCWkq0nCs/t3oI65Uj4dmkiPdUfPeSPzPqye6VQj6NIoTTSI8OdRKGNQCjgKATSoJ1qxnCMKSml8h7iCJsDYxzVyxPWUkm4uOpLbmsc1ZKER3YIJy52NZJJXTvHuePys7uWIBTJAGB+AInAAXXIAiuAYl4AEMYvAInsGL9WS9We/Wx2Q0ZU139sEMrM9fxgKkZA==</latexit>

S ⇠ Qm
<latexit sha1_base64="1VZlS1naCBKIuja32v1wHIi/iMg=">AAACGHicbVC7SgNBFJ2NrxhfUUtBBoNolewKajoDNpYJmgcka5idTJIh81hnZoUQUvoNgpX+RSqxE1s7v8He2smjMIkH7uVwzr3cywlCRrVx3S8ntrC4tLwSX02srW9sbiW3d0paRgqTIpZMqkqANGFUkKKhhpFKqAjiASPloHM59Mv3RGkqxY3phsTnqCVok2JkrORfH8Gapty2/K2oJ1Nu2h0BzhNvQlIXr4PC98P+IF9P/tQaEkecCIMZ0rrquaHxe0gZihnpJ2qRJiHCHdQiVUsF4kT7vdHTfXholQZsSmVLGDhS/270ENe6ywM7yZFp61lvKP7nVSPTzPo9KsLIEIHHh5oRg0bCYQKwQRXBhnUtQVhR+yvEbaQQNjanqSuZorZShsu2ohnDwwxngZSdvg3Km41lnpRO0t5Z+rTgpnJZMEYc7IEDcAw8cA5y4ArkQRFgcAcewTN4cZ6cN+fd+RiPxpzJzi6YgvP5Cy3FpJU=</latexit>

S0 ⇠ Pn

<latexit sha1_base64="dh+/Hsuu+nfMhbIkAxFF6C/9Fz0=">AAACFHicbVC7SgNBFJ2NrxhfUUubwSBYJbsWMWBhwCZlBPOQbAizk9lkyDyWmVkhhID/IFjpn9iJ2Nn7DyI2Wjt5FCbxwIXDOfdy7z1BxKg2rvvuJJaWV1bXkuupjc2t7Z307l5Vy1hhUsGSSVUPkCaMClIx1DBSjxRBPGCkFvQuRn7thihNpbgy/Yg0OeoIGlKMjJWuu9CnAvq61Epn3Kw7Blwk3pRkzr8+vz9uX8/KrfSP35Y45kQYzJDWDc+NTHOAlKGYkWHKjzWJEO6hDmlYKhAnujkYHzyER1Zpw1AqW8LAsfp3YoC41n0e2E6OTFfPeyPxP68Rm7DQHFARxYYIPFkUxgwaCUffwzZVBBvWtwRhRe2tEHeRQtjYjGa25CraSjkuu4rmDI9ynAVS9oY2KG8+lkVSPcl6+Wz+0s0UC2CCJDgAh+AYeOAUFEEJlEEFYMDBHXgAj8698+Q8Oy+T1oQzndkHM3DefgEe+6RK</latexit>

h 2 H
<latexit sha1_base64="l+t9hhp11pQH17k6u98rlIKHJHU="></latexit>

q 2 B1(p0, 1)
<latexit sha1_base64="fFpeFW4KMsPw3p/MtNy+wUkd5ug="></latexit>

L(P, h) 
m+nX

i=1

qi`(h(xi), yi) + qdis(P,Q) + dis(p0, q) + 2Rq(` �H)

+ 8kq� p0k1 +
⇥
kqk2 + 2kq� p0k1

⇤
2

4
q

log log2
2

1�kq�p0k1
+

s
log 2

�

2

3

5.

<latexit sha1_base64="7PLRlBsacPaCg3umrL8wFLuU5rs=">AAACEXicbVDLTgIxFO3gC1EUdemmkZC4ghkXyJLExLjExAESmJBO6UClnTZtx4RM+AcTV/oB/oM7w9Yv8EdcWx4LAU9yk5Nz7s2994SSUW1c99vJbG3v7O5l93MHh/mj48LJaVOLRGHiY8GEaodIE0Zj4htqGGlLRRAPGWmFo5uZ33oiSlMRP5ixJAFHg5hGFCNjpWZXR7Ln9gpFt+zOATeJtyTFen6alG5z741e4afbFzjhJDaYIa07nitNkCJlKGZkkusmmkiER2hAOpbGiBMdpPNrJ7BklT6MhLIVGzhX/06kiGs95qHt5MgM9bo3E//zOomJakFKY5kYEuPFoihh0Ag4ex32qSLYsLElCCtqb4V4iBTCxga0sqXiaytVuBgqWjFcVjgLhRhNbFDeeiybpHlV9qrl6r1NrAYWyIJzcAEugQeuQR3cgQbwAQaP4Bm8gjfnxflwPp3pojXjLGfOwAqcr18mIKCN</latexit>p0
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Empirical Disc. Estimation
Optimization problem: 

• for a convex loss, can be cast as DC-programming 
problem and solved via DCA (Tao and An, 1988). 

• for squared loss, global optimum convergence 
guarantee.
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<latexit sha1_base64="404PxE9BKfhYKfwcGmM8h6QNW0M="></latexit>

bd = max
h2H

(
1

n

m+nX

i=m+1

`(h(xi), yi)�
1

m

mX

i=1

`(h(xi), yi)

)
.

<latexit sha1_base64="f0RMBg5og/uD4rpab/pS/l3H1oo="></latexit>

ht+1 2 argmin
h2H

(
1

m

mX

i=1

`(h(xi), yi)�
1

n

m+nX

i=m+1

r`(ht(xi), yi) · (h� ht)

)
.
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Algorithm
Optimization problem: SBEST algorithm. 

• Alternate minimization solution. 

• For squared loss with linear predictors, convex 
optimization problem. 

• Empirical discrepancy estimation via DC-programming. 

• Extension to weakly or unsupervised adaptation.
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<latexit sha1_base64="wvj6zkAWn/OEGQikvSDfySlFgsE="></latexit>

min
h2H,q2[0,1]m+n

m+nX

i=1

qi`(h(xi), yi) + qdis(bP, bQ) + �1kqk1khk2

+ �1kq� p0k1 + �2kqk22.
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Labeled Disc. Upper Bounds
Theorem: for squared loss, for any              , 

• where: 

• favorable when     can be chosen so that                    is 
relatively small for both samples. 

• note that                            for            .
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<latexit sha1_base64="cDt8OveiaL7+hUXWtqW7etPQAP8=">AAACFnicbVBNS0JBFJ1nX2ZZVss2QyK00vdamEshCJcGPRV8IvPG0Tc4H4+ZeYE8/BlBq9r1M1oE0bZtf6R148citQMXDufcy733hDGj2rjut5PZ2t7Z3cvu5w4O80fHhZPTlpaJwsTHkknVCZEmjAriG2oY6cSKIB4y0g7HNzO//UCUplLcm0lMehyNBB1SjIyVulHfhQEVMNCNfqHolt054CbxlqRYz78npdvca7Nf+AkGEiecCIMZ0rrrubHppUgZihmZ5oJEkxjhMRqRrqUCcaJ76fzkKSxZZQCHUtkSBs7VvxMp4lpPeGg7OTKRXvdm4n9eNzHDWi+lIk4MEXixaJgwaCSc/Q8HVBFs2MQShBW1t0IcIYWwsSmtbKn42koVLiNFK4bHFc5CKcdTG5S3HssmaV2VvWq5emcTq4EFsuAcXIBL4IFrUAcN0AQ+wECCR/AMXpwn5835cD4XrRlnOXMGVuB8/QISeaIM</latexit>

h0 2 H

<latexit sha1_base64="4w+inau8Xn+QPY69Pxv7UyLZqDI="></latexit>

dis(bP, bQ)  disH⇥{h0}(
bP, bQ) + 2�H,h0(bP, bQ).

<latexit sha1_base64="BUCcIWQbJj+c717RBQenaNv7rjU="></latexit>

�H,h0(bP, bQ) = sup
h2H

����� E
(x,y)⇠bP

[h(x)(y � h0(x))]� E
(x,y)⇠bQ

[h(x)(y � h0(x))]

�����.

<latexit sha1_base64="zsITpHcJWpm4DxMZeCrdhO6YH8A=">AAACDnicbVDLSgMxFM3UV61Wqy7dBEvBVWfGRe2yIIjLik5baIeSSTOd0GQyJBmhDP0EwZX+gZ/gTgRX/oI/4tr0sbCtBy4czrmXe+8JEkaVdpxvK7exubW9k98t7O0XDw5LR8ctJVKJiYcFE7ITIEUYjYmnqWakk0iCeMBIOxhdTf32A5GKivhejxPiczSMaUgx0ka6i/pOv1R2qs4McJ24C1JuFD/TynXhtdkv/fQGAqecxBozpFTXdRLtZ0hqihmZFHqpIgnCIzQkXUNjxInys9mpE1gxygCGQpqKNZypfycyxJUa88B0cqQjtepNxf+8bqrDup/ROEk1ifF8UZgyqAWc/g0HVBKs2dgQhCU1t0IcIYmwNuksbbE9ZSSbi0hSW/PE5iwQYjQxQbmrsayT1kXVrVVrtyaxOpgjD07BGTgHLrgEDXADmsADGAzBI3gGL9aT9Wa9Wx/z1py1mDkBS7C+fgGk558y</latexit>

h0

<latexit sha1_base64="PdjkaD5GoBJOm0fBoD5UC4fkpwo=">AAACF3icbVDNSkJBGJ1rf2p/VpugzZAEtsh7bwtzKbVpadBVQUXmjqMOzty5zMyNbir0FEGreoZeoF20bRn0HK0btUVqBz44nPN9nI/jh4wq7TifVmJpeWV1LZlKr29sbm1ndnYrSkQSEw8LJmTNR4owGhBPU81ILZQEcZ+Rqt+/GPvVGyIVFcG1jkPS5Kgb0A7FSBupMYzhCey1nNzt8bCVyTp5ZwK4SNxfki3t332l7l/Oy63Md6MtcMRJoDFDStVdJ9TNAZKaYkZG6UakSIhwH3VJ3dAAcaKag8nPI3hklDbsCGkm0HCi/r0YIK5UzH2zyZHuqXlvLP7n1SPdKTYHNAgjTQI8DepEDGoBxwXANpUEaxYbgrCk5leIe0girE1NMym2p4xkc9GT1NY8tDnzheiPTFHufC2LpHKadwv5wpVprAimSIIDcAhywAVnoAQuQRl4AIMQPIAn8Gw9Wq/Wm/U+XU1Yvzd7YAbWxw856aK/</latexit>

|y � h0(x)|

<latexit sha1_base64="wGczopUaIMMVJHgE9xWyW9V8jXc="></latexit>

�H,h0(bP, bQ) = 0
<latexit sha1_base64="QA+QOIDLt7GffrxfCoMUmvhql0w="></latexit>

bP = bQ
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Experimental Results
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Classification Tasks

29

<latexit sha1_base64="XuDQh1DjKXN90kmk+IMSCXeWbUE="></latexit>

Dataset Train source Q Train target P KMM gapBoost sbest
Adult 82.72± 0.10 81.61± 0.42 81.24± 0.01 83.1 ± 0.02 83.30 ± 0.28
German 68.24± 0.21 69.87± 0.27 65.7± 0.01 69.8± 0.03 71.26± 0.11
Accent 27.20± 0.26 81.64± 0.22 53.1± 0.03 81.2± 0.04 84.15± 0.30
comp vs sci 83.2± 0.004 89.4± 0.03 83.1± 0.004 92.08± 0.01 94.4± 0.01
rec vs sci 79.2± 0.007 91.3± 0.02 79.7± 0.004 92.2± 0.01 92.4± 0.004
comp vs talk 71.4± 0.002 89.9± 0.02 71± 0.006 90.6± 0.01 91± 0.02
comp vs rec 65.4± 0.007 85.2± 0.01 67.7± 0.007 85.9± 0.01 88± 0.01
rec vs talk 81.3± 0.004 88± 0.02 81.2± 0.005 89.2± 0.01 92.3± 0.03
sci vs talk 88.2± 0.005 93.3± 0.008 88.5± 0.003 94.6 ± 0.01 94.6 ± 0.02

• Details of experimental results in (Awasthi, Cortes, and 
MM, 2024).
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Fine-Tuning Tasks
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<latexit sha1_base64="am9GYvNwH/82QmsQesa8KzM85s0="></latexit>

Fine-tuning Train on P gapBoost sbest
Last layer (CIFAR-10) 88.61± .43 87.1± .01 89.62± .32
Full model (CIFAR-10) 90.18± .31 90.8± .02 92.30± .24
Last layer (Civil) 63.1± .12 64.7± .11 65.8± .12
Full model (Civil) 65.8± .01 67.2± .01 68.3± .14
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Regression Tasks
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<latexit sha1_base64="OMOO3ruedwYi/kXuiB2B3Sa0KwE="></latexit>

Dataset KMM DM sbest

Wind 1.2± 0.04 1.14± 0.03 0.97± 0.02
Airline 2.4± 0.09 1.72± 0.1 0.952± 0.03
Gas 0.41± 0.01 0.39± 0.01 0.38± 0.02
News 1.08± 0.01 1.1± 0.01 0.99± 0.01
Traffic 2.1± 0.1 2.08± 0.08 0.99± 0.002
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Sentiment Analysis

32

<latexit sha1_base64="9iS9Uu+SjuPlrfRY0hWMIqzCXXI="></latexit>

Q P GDM DM KMM Train on Q

books
dvd
elec
ktchn

1.25± 0.01
0.88± 0.01
1.06± 0.03

1.26± 0.11
0.89± 0.03
1.08± 0.04

1.43± 0.08
1.50± 0.05
1.47± 0.01

2.34± 0.19
2.13± 0.13
1.55± 0.01

dvd
books
elec
ktchn

1.14± 0.02
1.08± 0.01
1.1± 0.03

1.17± 0.10
1.10± 0.12
1.12± 0.02

1.64± 0.14
2.40± 0.05
1.10± 0.02

2.18± 0.18
3.26± 0.07
2.34± 0.05

elec
books
dvd
ktchn

0.98± 0.01
0.98± 0.02
0.96± 0.01

1.00± 0.01
1.00± 0.06
0.98± 0.06

1.33± 0.06
1.00± 0.06
1.04± 0.01

1.34± 0.04
1.04± 0.08
1.14± 0.01

ktchn
books
dvd
elec

1.00± 0.03
1.2± 0.002
1.64± 0.02

1.04± 0.07
1.33± 0.03
1.67± 0.54

1.27± 0.09
1.32± 0.03
1.87± 0.56

1.12± 0.08
1.42± 0.04
1.89± 0.56
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Conclusion
Multiple-source adaptation problems. 

Discrepancy-based analysis of drifting (MM & Muñoz 
Medina, 2019; Awasthi, Cortes, and Mohri, 2022). 

Time series prediction and algorithms (MM & Kuznetsov, 
2020). 

Differentially private adaptation from public to private 
domains or vice-versa (Bassily, Cortes, Mao, MM, 2024). 

Active learning (de Mathelin et al., 2022; Zhang et al., 2019, 
2020). 

PAC-Bayesian analysis of adaptation (Germain et al., 2013). 
33


