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Rainbow UDA: Combining Domain Adaptive Models for Semantic Segmentation Tasks
Huang-Ru Liao (B &lj%), Tzu-Wen Wang (£ FX)

In this work, we propose Rainbow UDA, a new framework designed to address the
drawbacks of the previous ensemble-distillation frameworks when combining multiple
unsupervised domain adaptation (UDA) models for semantic segmentation tasks (UDA-SST).
Such drawbacks are mainly resulted from overlooking the magnitudes of the output pseudo labels using hard
certainties of different members in an ensemble as well as their individual performances in unification (HU) T %_.
the target domain, causing the distillation process to suffer from certainty inconsistency and (2) Perform soft unification

performance variation issues. These issues may hinder the effectiveness of an ensemble (SU) operation on each t € T e

that includes members with either biased certainty distributions or have poor performance to determine a fusion policy 7. o
in the target domain. To mitigate such a deficiency, Rainbow UDA introduces two operations: (3) Fuse the one-hot pseudo labels based on 7 to generate the fused predictions.

the unification and the combinatorial fusion operations, to address the above two issues. (4) Train a student model sg using the images from the target domain dataset and
the corresponding fused predictions to distill the knowledge from T to sg.

G T D - unification Operation + Hard unification (HU) H() s formulated

* Soft Unification S(-) is formulated as: | ..
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® The Previous Ensemble Distillation (EnD) framework
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e S,:a student model parameterized by 8. The com matpna usion operation consists of two components: the fusion policy
. . . and the resolving operator.
(1) Derive the averaged output certainties from J° using the average operator : :
Fusion Policy T
A(yPet) = 7 Zy@’” * Fuses the predictions of different t € T from the perspectives of segmentation
teT channels.
(2) Minimize the cross-entropy loss between the averaged output certainties from 7" and Sg » The unified outputs H(y(P,C,t)) are fused relying on the fusion policy 1.
* In our experiment, per-class loU on the training dataset has positive correlation
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y y with average per-class certainty: ———— 5" _ ..y P )
: : : |ACet7) ] pe A
An illustration of the two issues of the average
. . : () Observable () Unobservable (C,’/’T(C)) — (p,C,Tl'(C)) —_— (pa — 1
Operatlon adoptEd N the preVIOUS ensemble Models trained with UDA-SST methods Models trained with UDA-SST methods * A {p |p = P’H(y ) yﬂ- 1} represents the Set Of plxels that
distillation framework. For the first issue, @ . @ @ . @ cover the segmentation map of a class ¢ € C predicted by acertaint =n(c) € 7.
directly averaging the output certainties of —' g e T T * Based on the above observation, we formulate the
. . . Without entro With entro
them together may cause the final prediction | miimeior Ammmanﬁ, High _ fusion policy T as: y(Preit) g (peta) y (picits)
. 4 Certaint (" Certainty ) v e p | . cl
of the ensemble to be dominated by the : | — 2 1 pet) o c2
. . o . . —.—.J— —.—.J— L Per-class IoU’s Per-class IoU’s W(C) — aI'g maX ; Z y p,¢; ,t E T C3
teacher trained with the entropy minimization | SaG S )| osae High Low et At - ,
.. o peAle.t . .
mEthOd; rather than the majority of all the | [ Aveaging | | | [ Avermging | | . - . mC=T \Gjombmatorlal fusuy
. = 3 * The fused prediction is given by Class[ Ci[C2 ] C3 .
mOdEIS. For the Second, assume that there IS Output class of the averaged results Per-class IoU’s of the averaged results Teacher| 3 B t Cl
. N Cl . Degraded | (p,C) A ]H[( (p,C,TC(C))) — Co
an under-pe rfo rmin g mOdeI. The pe rformance (Decision conversion) (Performance degradation) yT[ —_— y C3
. (1) Certainty inconsistency issue (2) Performance variation issue . L
of the ensemble may degrade if the average Resolving Operator
operation is adopted. e Let the area where A(C'”(C)) for different o — P B, A, Alem(e)
c € C overlap be denoted as A, L= Al : ‘
=/ / /S
j % U (A(Cl ‘.I?T(Cl]) m A(ﬂz‘lﬂ-(ﬂz])) Majorityl
Experiment Result c1es. e (p.c)
C]_,CQEC T
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