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Introduction

In many real-world scenarios, data is often organized into "bags” where only an
aggregate label for the entire bag is available. Additionally, we often have access
to fully supervised source data that is covariate-shifted. Our work explores the use
of valuable training signals from this source data in domain adaptation to improve
iInstance-level prediction on the target domain.

Preliminaries. In traditional, fully supervised regression, the training data consists
of labeled feature-vectors (instances) and corresponding labels. In Learning from la-
bel proportions (LLP), feature-vectors are grouped into bags and only a bag-label is
available for each bag which is the average of the instance-labels in the bag. In Do-
main adaptation, the challenge is to leverage data from a different but related source
domain to perform well on a target domain. Domain adaptation under covariate-
shift considers domains for which p(y|x) is the same but p(x) differs. We consider
covariate-shifted hybrid LLP in which the source domain has instance-labels while
the target has bag-labels.

Our key contributions are:

1. Novel methods within domain adaptation framework integrating both the target
bag-labels and the source instance-labels.

2. Theoretical guarantees bounding the target generalization error.

3. Extensive experiments on various public datasets.
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> Source distribution, D g is covariate-shifted from target distribution, D-.

» Dataset comprises instance labeled data points from source distribution and bag
labeled data points from target distribution.

» Bags in the target domain are random partitions (size k each) of the target
domain data.

» The goal is to learn a predictor to make instance level predictions on target
domain on a regression task.

Notation

Theoretical Results
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Error bound in the above theorem weakens with increasing bag size. The above
lemma can be used to mitigate this weakening. This leads to the following loss
formulation:

BagCSI (S, B,h, (A} ) := 1B, h) + 158, h) + A3¢(S, B) (1)

BL-WFA and PL-WFA

We propose and experiment with 2 different algorithms BL-WFA and PL-WFA. We
also note that these two algorithms are a part of a larger class of algorithms.

» BL-WFA optimizes w.r.t. BagCSl loss.

» ¢ is the Lo distance between label weighted mean embeddings on source and
target distributions.

» Instance level labels are not available in target domain. Psuedo labels are used
as weights.

» Depending upon the choice of pseudo labeling technique used, different loss
algorithms are obtained.

Denote the pseudo labeling function as f;. The choice of pseudo labeling function
for BL-WFA and PL-WFA are as follows:

( \
f2H(x,B,yg.h) =yg, £ (x,B,yg,h) = h(x) + [yg— (1/IB]) }  h(x)
\ xeB )

Training Algorithm

Input: S, B, {4} ., f, a, opt Output: h

Initialize h s.t. O = {ph, '}

for minibatch §; € S, minibatch 75 € 7 do

s, = LixyeS Y-Ph(X), eq = 2B yaeT: LixeB fL(X. B, yB, h).@n(X)
Lpa < lleg,—erl

Ls — Lxyes (h(x) -y)?, Ly < 2B ygeT; ((1/1Bl Lxen h(X)) _YB)2
L - )l1.l:S + )l2.£7' + )l3-£DA

~ 0On « gradient_update(opt, Oy, a, L)

return h

Depending upon choice of f| , BL-WFA (f| = fE'—) and PL-WFA (f| = fEL) are
obtained.

Experiments & Results
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