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Abstract

Scene understanding using multi-modal data is neces-
sary in many applications, e.g., autonomous navigation. To
achieve this in a variety of situations, existing models must be
able to adapt to shifting data distributions without arduous
data annotation. Current approaches assume that the source
data is available during adaptation and that the source con-
sists of paired multi-modal data. Both these assumptions
may be problematic for many applications. Source data may
not be available due to privacy, security, or economic con-
cerns. Assuming the existence of paired multi-modal data
for training also entails significant data collection costs and
fails to take advantage of widely available freely distributed
pre-trained uni-modal models. In this work, we relax both
of these assumptions by addressing the problem of adapting
a set of models trained independently on uni-modal data to
a target domain consisting of unlabeled multi-modal data,
without having access to the original source dataset. Our
proposed approach solves this problem through a switching
framework which automatically chooses between two com-
plementary methods of cross-modal pseudo-label fusion –
agreement filtering and entropy weighting – based on the es-
timated domain gap. We demonstrate our work on the seman-
tic segmentation problem. Experiments across seven chal-
lenging adaptation scenarios verify the efficacy of our ap-
proach, achieving results comparable to, and in some cases
outperforming, methods which assume access to source data.
Our method achieves an improvement in mIoU of up to 12%
over competing baselines. Our code is publicly available at
https://github.com/csimo005/SUMMIT.

1. Introduction

There has been a recent surge of interest in autonomous
vehicles which typically rely on a wide variety of sensors.
This has fueled the need for machine learning models ca-

* Currently at AWS AI Labs. Work done while the author was at UCR.

pable of processing multiple sensing modalities, commonly
referred to as multi-modal models. One problem of particu-
lar interest is 3D semantic segmentation, which has received
a lot of interest [12, 24, 36] driven by the introduction of new
multi-modal datasets [5, 11, 4]. Many 3D semantic segmen-
tation methods (e.g., [12, 24, 36]) fuse data across different
sensing modalities, e.g., RGB images and point clouds to ob-
tain and employ colored pointclouds [31], to increase perfor-
mance and robustness. As with most learning problems, the
performance of 3D semantic segmentation degrades as the
input data distribution diverges from the training set distribu-
tion [16], referred to as domain shift. This is particularly true
for autonomous navigation which can experience domain
shifts because of lighting and weather changes throughout
the day, as well as geographic changes when traveling over
large distances. Many works have sought to address this do-
main shift in the Unsupervised Domain Adaptation (UDA)
setting [14, 21, 8]. Recently, the relationship between dif-
ferent modalities has been leveraged to aid in the adaptation
process via cross-modal UDA (xMUDA) [16].

While xMUDA [16] has made significant improvements
over uni-modal UDA methods, it assumes that the source
dataset used for training (i) consists of paired multi-modal
data, and (ii) is available during adaptation to the target
domain.1 However, these conditions may be hard to satisfy
in real-world scenarios:
• The first assumption is problematic because it requires
collection and annotation of large volumes of paired multi-
modal data for every sensor configuration (e.g., RGB and
depth, RGB and IR, etc), a very time-consuming operation.
Also, it fails to take advantage of the large volumes of uni-
modal data and pre-trained models that are easily accessible.
• The second assumption is problematic because sharing the
source data for adaptation may be impossible due to privacy,
security and commercial reasons. Additionally, as datasets
have grown, their transfer and storage have begun to present
non-trivial engineering challenges and financial costs.

1In this work, modality refers to a specific type of input data, such as
RGB images or point clouds, while domain refers to the underlying data
distribution, such as cities in different continents.
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Figure 1. Problem setup. Our goal is to adapt a pair of uni-modal models, which have been trained independently on a source domain, to a
target domain consisting of unlabeled, paired, multi-modal data, without access to the original source dataset. In contrast to conventional
cross-modal UDA [16] (left panel), we do not assume that the source dataset used for training (i) consists of paired multi-modal data, and (ii)
is available during adaptation to the target domain.

Relaxing the first assumption of paired modalities in the
source domain remains unaddressed in cross-modal UDA.
The second assumption has been relaxed in the source-free
UDA setting [18, 2, 39, 37], but to the authors’ best knowl-
edge, no such prior works deal with multi-modal data.

In this paper, we propose Source-free adaptation of Uni-
modal Models to Multi-modal Targets (SUMMIT), relaxing
both the above assumptions (see Figure 1). Relaxation of the
two assumptions in conventional cross-modal UDA makes
our problem substantially more challenging. In the conven-
tional cross-modal UDA setting, the approach in [16] relies
on labeled paired multi-modal data in the source domain to
learn correlations across modalities. Learned correlations
are then exploited to improve transfer to the target domain.
In our setting, the correlations between modalities must be
learned on the unlabeled target data, as we are working
with uni-modal source models and do not assume access to
such labeled pairs. The lack of source data already makes the
alignment of the source and target distributions a challenging
problem. Combining it with uni-modal models on the source
side makes the overall problem even more challenging.

To address these challenges, we propose a new adaptation
framework built on pseudo-label fusion across modalities.
First, we utilize the trained uni-modal models to generate
pseudo-labels on the target data, separately for each modal-
ity. Second, these pseudo-labels are fused together across

modalities to filter out noisy predictions. We introduce a
data-driven switching method that automatically chooses
between two complementary approaches for cross-modal
pseudo-label fusion – agreement filtering and entropy weight-
ing – based on the estimated domain gap. The fused pseudo-
labels are used to supervise the process of learning the corre-
lations across modalities allowing for cross-modal learning
to take place. Optimizing for explicit cross-modal objectives,
our framework learns the correlations across modalities even
without the presence of the source data and improves transfer
beyond standard uni-modal adaptation.

Main contributions. Our primary contributions can be sum-
marized as follows.
• We address the problem of adapting a set of models trained
independently on uni-modal data to a target domain consist-
ing of unlabeled, paired, multi-modal data, without access
to the original source dataset. This setting of great practical
importance as explained above.
• We propose a new cross-modal, source-free UDA frame-
work which fuses pseudo-labels across modalities using
information-theoretic and hypothesis testing approaches.
This helps increase robustness of the predictions and im-
plicitly allows for cross-modal correlations to be learned on
the target domain without access to source data.
• We perform extensive experiments on seven challenging
benchmarks which demonstrate that our method provides an
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improvement of up 12% over competing baselines.

2. Related Work
Unsupervised Domain Adaptation. UDA methods have
been applied to a wide variety of computer vision tasks,
including image classification [34], semantic segmenta-
tion [33] and object detection [15], in an effort to address
the data distribution shift. Most approaches try to align
the source and target data distributions, using techniques
such as maximum mean discrepancy [20] and adversarial
learning [10, 34, 25]. A separate line of work uses image
translation techniques to perform adaptation by translating
the source images to the target domain [14, 32]. In the case
of semantic segmentation, existing UDA methods fall pri-
marily into three categories: output space alignment, pixel-
space alignment, and pseudo-labeling. The first category
of methods aligns the output or feature distributions [33, 3].
The pixel alignment approaches use image translation tech-
niques similar to image classification [14, 7, 6, 38], while
the pseudo-labeling techniques generate pixel-wise pseudo-
labels to fine-tune the source model [28, 40, 21, 8]. Some
approaches also try to combine these strategies to perform
adaptation [23, 22, 30]. Our method is a UDA approach but
in a multi-modal and source-free setting.

Source-free Domain Adaptation. While methods men-
tioned in the previous section utilize the source data during
adaptation, there has been a surge of interest in adaptation
using only a pre-trained source model. Recent approaches
in source-free adaptation have primarily focused on the im-
age classification task. These include techniques such as
information maximization [18, 2], pseudo-labeling [39] and
self-supervision [37]. In the context of semantic segmenta-
tion, [19] proposed an algorithm that combines ideas from
the above methods by implementing a curriculum learning
scheme. Similar ideas are explored in [35], where the authors
additionally explore the concept of negative learning [17].
Finally, in [27], pseudo-labeling and uncertainty estimation
via dropout are used to tackle the problem. In contrast to
all these approaches which approach source-free adaptation
in a uni-modal setting, our framework performs source-free
adaptation in a multi-modal setting by exploiting the intrinsic
semantic relationships between the different modalities.

Cross-modal Domain Adaptation. Despite the keen in-
terest in multi-modal analysis, there have been few works
that attempt this in the domain adaptive scenario. Recently,
a cross-modal UDA (xMUDA) setting was proposed [16],
where modalities learn from each other through mutual cycle-
consistency to prevent the stronger modality from adopting
false predictions from the weaker one. A more recent work
[1], motivated by the fact that the availability of multi-modal
data and models is usually limited, considered adapting
source model(s) trained on some source modality to a differ-

ent target modality without access to the source data. Our
problem setting also considers that uni-modal models are
more widely available than multi-modal ones, but addresses
a different problem: adapting uni-modal models of different
modalities to a multi-modal target without source data. Criti-
cally different from [16], we do not assume the existence of
paired multi-modal training data and do not need access to
the source data during adaptation.

3. Method
3.1. Problem Setting

We address the problem of adapting a set of models
trained independently on uni-modal data to a target domain
consisting of unlabeled, multi-modal data, without access
to the original source dataset. We consider a set of source
models, each of a unique modality, trained in a supervised
manner on a set of K categories. Once these models have
been trained, the source data is discarded. We are then given
a new target domain containing unlabeled, paired, multi-
modal data, corresponding to each of the modalities present
in the source datasets. We aim to adapt the source models
to this new domain by exploiting the semantic relationships
that inherently exist between the modalities.

Throughout this work we will consider two input modal-
ities: 2D image data X 2D, of dimension H × W × 3,
and 3D point cloud data X 3D, of dimension N × 3 (N
is the number of points), each of which has a correspond-
ing label space Y2D and Y3D. The source domain DS =

{{x2Di , y2Di }NS,2D

i=1 , {x3Di , y3Di }NS,3D

i=1 } consists of samples
x2D ∈ X 2D and x3D ∈ X 3D and their corresponding la-
bels y2D ∈ Y2D and y3D ∈ Y3D, with no known associ-
ation between x2D and x3D. We assume that each source
model, M2D : X 2D → Y2D and M3D : X 3D → Y3D,
is trained with access to only a single input modality. The
models can be decomposed as M2D = f2D ◦ g2D and
M3D = f3D ◦ g3D, where f2D, f3D are the respective
feature encoders and g2D, g3D are the corresponding linear
classifiers. We adapt these source models to the target do-
main DT = {x2Di , x3Di }NT

i=1 consisting of paired samples
x2Di ∈ X 2D and x3Di ∈ X3D, but no label information.

3.2. Framework Overview

We adapt the source models via a pseudo-labeling ap-
proach, where predictions from the source models are fused
across modalities to supervise the training on the unlabeled
target dataset. Fusing pseudo-labels allows us to create more
accurate labels for adaptation, and implicitly allows the us-
age of cross-modal correlations as part of the process.

We propose a switching framework which automatically
determines how to change between two complementary fu-
sion methods: (i) agreement filtering, and (ii) entropy
weighting. Agreement filtering utilizes the consensus be-
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Figure2.Overviewofframework.Ourframeworkconsistsoftwostreamscorrespondingtothe2Dand3Dinputsrespectively.The
twomodalitiesareprocessedbyseparatefeatureencodersf2Dandf3D,withthe2Dfeaturesbeingsampledbyprojectingthe3Dpoints
ontothecorrespondingRGBimage.ThefoursegmentationoutputsconsistofthemainpredictionsP2D,P3D andthemodalitytranslated
predictionsP2D→3D,P3D→2D (usingauxiliaryheads̃g2D,̃g3D).Themainpredictionsareusedtocomputepseudo-labelsviaafusion
strategy,agreementilteringorentropyweighting.Thechoiceofapproachisdecidedviaaswitchingstrategy.Thesepseudo-labelsareused
totraintheframeworkusingcross-entropyloss.Ontheotherhand,wetransferknowledgeacrossmodalitiesusingDKL(P

3D||P2D→3D),
wheretheobjectiveofthe2Dtranslationheadistoestimatethemain3Doutputandviceversa,DKL(P

2D||P3D→2D).

tweenpredictionsfromthedifferentmodalitiesasascoreto
combineandreinethepseudo-labels.Ontheotherhand,en-
tropyweightingemploysaninformation-theoreticapproach
tofusepredictionsacrossmodalities,supplementedbyahy-
pothesistestingoverclass-conditionalfeaturespacestatistics
toreinepredictions.Theoptimalfusionapproachischo-
senautomaticallyduringadaptationviaaswitchingstrategy
whichutilizesmeta-dataderivedfromthesourcemodels.
Evenwithreinedpseudo-labels,adaptationisstillchal-

lengingduetothefactthatsemanticcategoriesinthereal-
worldareusuallyquiteimbalanced.Thus,wepresenta
methodforestimatingtheclassdistribution,whichinturn
canfacilitatethelearningprocess.Usingtheestimatedclass
distributions,thereinedpseudo-labelsaresubsequentlyused
tojointlyadaptthesourcemodelstothetargetdomain.An
overviewofourframeworkisshowninFigure2.

3.3.Pseudo-labelFusion

Thepseudo-labelsobtainedfromtheuni-modalsource
modelsarepotentiallynoisyduetothedomainshiftbetween
thesourceandthetargetdomains. Usingthesedirectly
toconducttheadaptationprocesscandegradetheperfor-
manceoftheadaptedmodels.Thus,weproposeaswitching

frameworkthatautomaticallychoosesbetweentwocomple-
mentarymethodstofusepseudo-labelsacrossmodalitiesin
ordertoobtainasinglepseudo-labeltosuperviseadaptation.

AgreementFiltering.Inagreementiltering(AF),weimple-
mentfusionbycomparingthepseudo-labelsacrossmodali-
tiesandkeepingonlythosethatagreewitheachother.First,
wecalculatepseudo-labelsforeachmodality,bytakingthe
mostlikelypredictionaccordingtotheunadaptedsource
model.Next,weperformaninitialreinementbyiltering
outanypseudo-labelwithaconidencescorethatislower
thanthemedianconidencevalueforthatclass,i.e.

ỹ2Di =
argmaxkM

2D
k (x

2D
i ),M

2D
k (x

2D
i )≥mk

ignore, otherwise
(1)

mk=median({M
2D
k (x

2D)|x2D ∈DT}) (2)

wherekdenotestheclassindex. Weusethemedianhere
sinceittendstobeabetterindicatorofthecentraltendency
givenskeweddata.Onceboth2Dand3Dpseudo-labelsare
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iltered,wecombinethemviaanagreementilterasfollows,



ỹi=
ỹ2D

i , ỹ2D
i =̃y3D

i

ignore, ỹ2D
i ≠̃y3D

i

(3)

Consequently,thenewsetofreinedpseudo-labelscontains
onlyhighlyconidentlabelsthatagreeacrossmodalities.
Certaintypesofbiaswillbespeciictoeachmodality.For
example,amodeltrainedonimagedatamightassociate
greenpixelswithvegetation,butamodeltrainedonpoint
cloudsdoesnotsensecolorandcannotsharethisbias.Since
werequireeverysourcemodelagreeandeachsourcemodel
istrainedonadifferentmodality,weareleftwithasingle
commonmodalityagnosticpseudo-label.
Entropy Weighting. Entropyweighting(EW)explores
analternativeinformation-theoreticmethodforcombining
pseudo-labels.Inspiredby[29],weperformaninitialfusion
bylinearlycombiningthepredictionsfromthesourcemod-
elsbyusinguncertaintyweightsderivedfromtheentropyof
theoutputprobabilities.Speciically,

p=w2Dψ(M 2D(x2D))+w3Dψ(M 3D(x3D)) (4)

w2D =
e−h(M 2D (x2D ))

e−h(M 2D (x2D ))+e−h(M 3D (x3D ))
(5)

w3D =1−w2D (6)

whereh(x) =−
K
k=1 ψk(x)log(ψk(x))istheentropy

overtheoutputspace,ψisthesoftmaxfunction,andp
denotesthemergedoutputprobabilities.Themergedprob-
abilitiesareilteredusingtheclassmedianofthemerged
probability,asdeinedpreviouslyforindividualmodalities
inEq.(1),givingasinglefusedpseudo-label.

Entropy WeightingReinement.Whilethisweightedcom-
binationisusefulforresolvingminordisagreementsbetween
modalities,itmayalsotransfernoiseacrossmodalitieslead-
ingtoaccuratepseudo-labelsbeingrejected.Inorderto
recoverthesepseudo-labels,weintegratetargetdatasetstatis-
ticsviahypothesistesting.Thestatisticswemakeuseof
aretheclass-wisemeanandstandarddeviationcalculated
inthe2Dand3Dfeaturespaces. Weusethepseudo-labels
previouslyacceptedbyEntropy Weightingastheclasslabels
tocalculatethesestatistics.Themeanfeatureforclasskin
the2Dfeaturespaceisnotatedasµ2D

k andthecorresponding
standarddeviationasσ2D

k andsimilarlywedeineµ3D
k and

σ3D
k forthe3Dfeaturespace.

Givenasampleconsistingofpairedobservationsx2D

andx3D andtheunadaptedsourcemodelsM 2D andM 3D

wecalculateahypothesispseudo-labelusingeachmodality
individuallyas

k2D =argmax
k

M 2D(x2D) (7)

k3D =argmax
k

M 3D(x3D). (8)

Withinthe2Dfeaturespace,wetake k2D asthenullhy-
pothesisandk3D asthealternativehypothesis. Weassume
thelikelihoodfunctionofahypothesistobeamultivariate
normaldistributionparameterizedbytheclass-wisemean
andvariance. Wecanthenperformalikelihoodratiotest:

N(f2D(x2D);µ2D
k2D

,σ2D
k2D

2
)

N(f2D(x2D);µ2D
k3D

,σ2D
k3D

2
)

≤τ. (9)

Weset τ=1 throughoutourexperimentsandperform
asensitivityanalysisofthethresholdinthesupplemental
materials. Weperformthesametestinthe3Dfeaturespace,
howeverinthiscasewetakek3D asthenullhypothesisand
k2D asthealternative.

Ifbothhypothesistestsagreeonthecorrecthypothesis,
e.g.the2Dfeaturespacetestrejectsk2D infavorofk3D

andthe3Dfeaturespacetestkeepsthek3D,wetakethisas
thecorrectpseudo-label.Ifthehypothesistestsdonotagree
onwhichhypothesisiscorrect,thepseudo-labelisrejected.
Thisallowsustorecoverpreviouslyrejectedpseudo-labels
andtheentiresetisusedtosupervisetheadaptationprocess,
asshowninSection3.4.

AutomaticSwitchingBetweenFusion Methods.Theper-
formanceofthetwofusiontechniquespreviouslydescribed
variesdependingontheparticularsoftheadaptationtask.
WhenthedomaingapissmallweexpectEWtoworkbetter
sinceitcanresolvesmalldisagreementsacrossmodalities,
otherwise,AFischosensincefusingdiscreteclasslabels
haslesspotentialtotransfernoise. Wecannotcomputethe
domaingapdirectly,soweproposetomeasureitindirectly
viatheagreementbetweenmodalities. Wejustifytheuseof
agreementasaproxymeasurefordomaingapviaanempiri-
calexaminationofagreementratesacrossvariousadaptation
scenariosinSection4.2.

First,weestimatetheexpectedrateofagreementbetween
theunadaptedsourcemodels. Modelsagreewitheachother
eitheriftheybothpredictthesamecorrectclass,orboth
predictthesameincorrectclass.Consideringonlythecase
wherethemodelsagreeandarecorrect,wecanlowerbound
theexpectedagreementrateusingsourcemeta-data,more
speciically,theTop-1accuracyofthemodelonthesource
data.2Consideringthepredictionsfromeachmodeltobe
independentofeachother,theexpectedagreementcanbe
lowerboundedbytheproductoftheTop-1accuracies,i.e.

P(̂y2D =̂y3D)≥P(̂y2D =y|x2D)P(̂y3D =y|x3D). (10)

Thisisthelikelihoodthatsourcemodelsagreegiventhe
sourcedatadistribution,whichisournullhypothesis.

2TheTop-1accuracyofamodelisastatisticcommonlyreportedfor
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Theactualagreementratebetweenthesourcemodels
onthetargetdatasetiscalculatedusingAF,asdescribedin
Section3.3,andistheproportionofacceptedpseudo-labels.
Thisgivesusthelikelihoodthatthemodelsagreegiventhe
targetdatasetdistribution,whichwetakeasthealternative
hypothesis.

Wecomparethesetwolikelihoodsusinghypothesisratio
testing.Iftheratiobetweenthemisclosetounity,thennei-
therdatadistributionismorelikelybasedontheagreement
rate.Thus,wecaninferthatthetargetdatacomesfroma
datadistributionsimilartothesource,andEWischosenas
thefusionmethod.Themoretheratiodivergesfromunity
thelesslikelythesourceandtargetdatasetshaveasimilar
distribution.Throughoutourexperimentswesetthreshold
of0.5toautomaticallyswitchtoAF. Weexaminethechoice
ofthresholdinSection4.2

3.4.Training

Usingpseudo-labels,reinedusingAForEWaschosen
byourswitchingmethod,weoptimizethefollowinglossto
adapttheuni-modalmodelstothetargetdomain,

Lpl=Lce(P
2D,̃y)+Lce(P

3D,̃y). (11)

Here,Lcedenotestheweightedcross-entropyloss,P2D =
ψ(M 2D(x2D)),andP3D = ψ(M 3D(x3D)). Weusethe
weightedcross-entropyinordertoaddresspotentialclass
imbalancesduringadaptation,usingtheestimatesofthe
classdistributionastheweights. Notethatinthesource-
freesettingwedonothaveaccesstolabelseitheronthe
sourceoronthetargetdomain.Thus,weestimatetheclass
distributionbytakingthemeanoftheoutputdistributionof
eachmodalityacrosstargetinstancesas̃p2D =EDT

P2D .
Weestimate p̃3D byaveragingovertheoutputofM 3D ina
similarfashion.Theinalestimateoftheclassdistribution
iscalculatedbyaveraging̃p2D and̃p3D as̃p= p̃2D +̃p3D

2 .
Inspiredfrom[16],weoptimizeanadditionalcross-modal
cycle-consistencyconstrainttoallowinformationtransfer
betweenmodalitiesthroughmutualimitation,i.e.

LxM =DKL(P2D||P3D→2D)+DKL(P3D||P2D→3D). (12)

P3D→2D isanoutputheadofM 3D whichattemptstopre-
dictP2D andlikewiseP2D→3D isapredictionofP3D by
M 2D (seeFigure2). MinimizingtheKLdivergenceDKL

allowsforinformationlowbetweenthetwomodels. We
combinethesetoget,Ltot= Lpl+λLxM,whereλisa
hyper-parametertobalancethetwolossfunctionsandis
typicallysetto0.1. Moretrainingdetailsandpseudo-code
canbefoundinthesupplementarydocument.

4.Experiments

Inthissection,wedemonstratetheabilityofourproposed
frameworktoperformsource-freeadaptationofuni-modal

modelstomulti-modaldata.Experimentsacrossmultiple
adaptationscenariosdemonstratethatthepseudo-labelre-
inementacrossmodalities,inadditiontothecross-modal
consistencycriterion,providesaconsistentimprovementin
both2Dand3Dtargetdomainperformanceoverbaselines.
Eveninscenarioswherethe2Dand3Dsourcedataarede-
rivedfromdistinctdomains,ourframeworkisabletoadapt
thedisconnectedmodelstomulti-modaldatasetseffectively.
Visualizationsofoursegmentationresultscanbefoundin
thesupplementarymaterials.

4.1.ExperimentalSetup

DatasetsandExperimentalScenarios.Weusethreeau-
tonomousvehicledatasetsinourexperiments,whichare
organizedintothreedifferentsource-freecross-modalUDA
adaptationscenariosfollowingtheexperimentalsetupde-
inedin[16].Thecriticaldifferenceisthatourexperiments
havenoaccesstothesourcedata,andthesourcemodelsare
trainedseparately.Twooftheadaptationexperimentsare
derivedfromthenuScenesdataset[5].ThenuScenesdataset
gathersdatainmultiplecities,throughoutdifferenttimesof
daywithmultiplecamerasandLIDAR. Weextractapproxi-
mately34Kimagesandthecorrespondingpointsclouds,and
deinetwoadaptationscenarios.Theirstscenariotakesall
imageandpointcloudsthatweregatheredintheUSAasthe
sourcedomainandthosegatheredinSingaporeasthetarget
domain.Thesecondscenariotreatssamplesgatheredduring
thedayasthesourcedomainandthosegatheredduringthe
nightasthetargetdomain.

Thethirdscenarioconsiderstwounrelateddatasetsasthe
sourceandtargetdomain.ThesourcedomainistheA2D2
dataset[11],whichconsistsofapproximately40Kimages
andpointclouds.ThetargetdomainistheSemanticKITTI
dataset[4],containingapproximately18Ksamples. The
classesprovidedaredissimilar,thus,theyaremergedinto
largersuperclasseswhicharekeptconsistentbetweenthe
domains;thedetailsofthisprocesscanbefoundinthe
supplementalmaterials.Thisscenarioisparticularlychal-
lengingduetothedifferentsensorsusedineachdataset,in
additiontothetemporalandgeographicshifts.

Whiletheseexperimentsmakenoexplicituseofpairing
informationwhentrainingthesourcemodels,thereisthe
possibilityofimplicitlylearningsomecross-modalcorre-
lationssince2Dand3Dsamplesaredrawnfromthesame
splitofthedataset.Thus,weproposeadditionalexperiments,
termedcrossoverexperiments,withnocorrespondingdata
pointssharedbetweenthe2Dand3Ddatasets. Wetakethe
source/targetsplitsdeinedonthenuScenesdatasetanduse
eachtotrainasinglemodality,i.e.weuseimagesfromthe
USAsplittotrainthe2Dmodelandthepointcloudsfromthe
Singaporesplittotrainthe3Dmodel.TheSemanticKITTI
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datasetisusedasthetargetdatasetforallexperiments.To
increasetheoverlapofclasslabelsbetweennuScenesand



Table 1. Results on primary adaptation scenarios. Our framework outperforms both the uni-modal and multi-modal source-free adaptation
baselines by a large margin across all scenarios. Note that xMUDA needs source data, and the results below are provided assuming that
the source data is available during adaptation. Despite xMUDA requiring access to source data and models that are jointly trained on
multi-modal data, our method has comparable performance and even outperforms it in the A2D2/SemanticKITTI scenario.

USA/Singapore Day/Night A2D2/SemKITTI

Method Multimodal Source-free 2D 3D 2D+3D 2D 3D 2D+3D 2D 3D 2D+3D

No adaptation - - 49.67 47.39 55.96 41.85 42.32 49.98 32.85 34.01 40.52
xMUDA ✓ ✗ 61.10 54.10 63.20 47.10 46.70 50.80 43.70 48.50 49.10

xMUDA SF ✓ ✓ 51.88±0.12 51.04±0.27 56.59±1.46 36.43±1.05 42.23±1.62 44.46±1.49 33.74±0.15 36.79±0.23 42.68±0.19
SHOT ✗ ✓ 52.21±0.00 48.20±0.01 58.18±0.00 34.70±0.03 40.61±0.00 40.83±0.01 33.26±0.23 36.92±0.06 42.09±0.18

SUMMIT (Ours) ✓ ✓ 57.92±1.43 52.95±0.72 61.10±1.97 44.73±0.01 44.53±0.00 50.73±0.01 44.68±0.30 48.56±0.34 49.93±0.13

Oracle - - 64.67 57.19 71.29 46.11 40.31 45.60 58.84 71.75 74.57

SemanticKITTI, we include additional labels for background
objects from the nuScenes-lidarseg dataset [9].

Baselines. We compare our method to (i) xMUDA [16],
which is a cross-modal adaption method, (ii) a version of
xMUDA trained with only the data available in our setting
called xMUDA-SF, and (iii) SHOT [18] which is one of the
seminal works in source-free UDA. Note that xMUDA re-
quires source data, and the results are provided assuming that
the source data is available during adaptation. In xMUDA-
SF we remove any loss functions that work on the source
data and begin the adaptation process with independently
trained source models. The performance of xMUDA-SF
highlights the reliance of xMUDA on paired source data. To
apply SHOT, we treat each modality as its own uni-modal
UDA problem. We use this comparison to show the poten-
tial of modeling and exploiting cross-correlations. Each of
the baseline methods uses the unrefined uni-modal pseudo-
labels. In addition, we compare with the unadapted source
models as a lower bound on performance (no adaptation),
and models adapted using oracle ground truth labels as an
upper bound (Oracle). We keep the same baselines for the
crossover experiments, but we do not compare them to the
original xMUDA method since no source pairing informa-
tion exists, which xMUDA neeeds. We do not compare
against multi-source source-free adaptation methods such as
[2], because they assume that each source comes from the
same modality.

Experimental Objectives. The first three adaptation scenar-
ios described above demonstrate that our method does not
need access to paired source data, compared to state-of-the-
art methods like [16], and that it can work with uni-modal
trained models as the source. Furthermore, by comparing
to existing source-free UDA methods, we will highlight the
need to explicitly model cross-modal correlations.

Through the crossover experiments, we further show the
reliance of [16] on paired data. Critically, we demonstrate
our method works with truly independent source models,
opening up the possibility of adapting pretrained uni-modal
models together to work on multi-modal data.

Implementation Details. Architectures for the 2D and 3D

models follow from [16]. Specifically, the 2D network is a
UNet architecture [26] with a ResNet34 [13] backbone. To
associate points across modalities, the point cloud is pro-
jected onto the image plane, and the corresponding features
are sampled. These are then passed through a final classifi-
cation layer to give us predictions. The 3D model uses the
official PyTorch implementation of the Sparse Convolutional
Networks UNet [12]. The source models are initially trained
on each modality independently of each other for 100K it-
erations. Once the source model is trained, we save this
model and use it as the same starting point for all adaptation
methods to ensure a fair comparison.

LxM requires each model to provide a secondary output
that predicts the output of the other modality. We initialize
this second output head with a copy of the weights from the
original output head. We set the λ for LxM according to the
values used in [16], and the initial learning rate to 1e − 6.
Pseudo-labels are calculated offline before adaptation and are
kept fixed throughout the adaptation process. Each method
adapts the model for an additional 100K iterations. More
details can be found in the supplementary document.

4.2. Results

We report the results on the three primary source-free
adaptation scenarios in Table 1. We report the mIoU for each
modality, 2D and 3D, along with the average across the soft-
max output of both modalities, as 2D+3D. Unsurprisingly,
the highest performance is achieved by xMUDA, however,
this utilizes the source data during adaptation. Its source-
free counterpart, xMUDA-SF, obtains a much more modest
improvement over the unadapted source, and in many cases
leads to worse performance compared to no adaptation. This
clearly highlights the reliance of xMUDA on the pairing
information being present when training the source model.
The improvement of SHOT is more consistent than xMUDA-
SF, however since it is a uni-modal method, its improvement
is limited when compared to our method.

Our framework achieves high-performance improvements
over the source models across the board, with an improve-
ment as high as 12% over the other source-free methods. We
see this in the A2D2/SemanticKITTI experiment, with an
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Table 2. Results on crossover adaptation scenarios. Differences in sensor configuration and label distribution result in all methods
experiencing a drop in performance. While our method is not an exception to this, we obtain consistent improvements of up to 12% over the
unadapted source model and other adaptation approaches.

(USA-2D,Singapore-3D)/SemKITTI (Singapore-2D,USA-3D)/SemKITTI (Day-2D,Night-3D)/ SemKITTI (Night-2D,Day-3D)/SemKITTI

Method Multimodal Source-free 2D 3D 2D+3D 2D 3D 2D+3D 2D 3D 2D+3D 2D 3D 2D+3D

No adaptation - - 18.98 28.94 26.77 20.22 28.45 25.51 24.21 28.54 29.96 16.14 26.60 20.52

xMUDA SF ✓ ✓ 20.02±0.52 32.68±1.01 28.10±0.65 20.05±0.28 33.64±1.10 28.21±0.03 24.64±0.14 34.01±0.10 29.54±0.17 16.13±0.03 27.97±0.03 25.88±0.03
SHOT ✗ ✓ 19.48±0.04 34.07±0.06 27.39±0.03 20.40±0.04 32.39±0.02 28.14±0.05 24.55±0.07 34.08±0.03 29.13±0.07 16.11±0.02 28.10±0.02 25.83±0.03

SUMMIT (Ours) ✓ ✓ 28.84±0.72 33.42±0.73 31.53±0.63 28.74±0.70 34.07±1.01 31.41±0.47 32.19±0.24 38.71±0.27 35.51±0.16 28.51±0.16 32.83±0.14 30.78±0.13

Oracle - - 55.36 68.73 69.82 56.37 67.69 70.60 58.20 67.82 70.82 56.41 68.69 69.90

Table 3. Estimated source and target agreement. The ratio be-
tween source and target agreement is used to estimate the domain
gap. In the first two cases, which are partitions of the same data,
the ratio is nearly one, so EW is selected. A lower ratio, as in the
last case, indicates a high domain gap, so AF is selected.

USA/Singapore Day/Night A2D2/SemKITTI

Source Agreement 94.25 95.33 84.75
Target Agreement 88.50 87.40 26.00

Ratio 0.94 0.92 0.31

Table 4. Pseudo-label accuracy. EW consistently admits a higher
proportion of correct pseudo-labels than AF. However, in the case
of a large domain gap, such as A2D2/SemanticKITTI, EW accepts
a large amount of incorrect labels, which AF filters out.

USA/Singapore Day/Night A2D2/SemKITTI

Method Correct Incorrect Ignore Correct Incorrect Ignore Correct Incorrect Ignore

AF 87.29 0.13 12.58 88.45 0.10 11.46 23.76 1.73 74.51
EW 93.40 0.65 5.94 94.51 0.56 4.93 55.42 24.72 19.85

improvement of 12% on individual modalities compared to
xMUDA-SF and SHOT which provides only a few points of
improvement. On the 2D+3D we have a smaller, but still sig-
nificant, improvement of 7% over SHOT. We also note that
in several cases we are within 1% of the original xMUDA
score, which assumes access to the source dataset.

In Table 2, we report the performance on the crossover
experiments. Note that SHOT outperforms xMUDA-SF in
several cases, indicating that in the crossover experiments,
xMUDA-SF tends to transfer more noise between the mod-
els. This may be due to lower performing source models
since this adaptation scenario goes between two different
datasets as opposed to the previous experiments where two
of the experiments transfer between partitions of a single
dataset. Our framework outperforms existing baselines, with
improvements ranging from 4%-10% over the unadapted
source. The largest improvement is on Night 2D & Day 3D,
despite the poor performance of the initial 2D source model.
In some cases the performance of SHOT on the 3D modality
approaches our performance; however, our method achieves
a stronger improvement on the 2D and 2D+3D modality,
showing that our method transfers useful information from
the 3D to the 2D modality without transferring noise.

Analysis of Automatic Switching. To gain further insight
into the performance of our switching method, we analyze

Table 5. We examine the interplay between AF, EW, LxM . We
note that both AF and EW on their own provide an improvement
across modalities and work well with the cross-modal loss. The
cross-modal loss provides the most improvement in the 2D+3D
performance.

USA/Singapore Day/Night A2D2/SemKITTI

Method 2D 3D 2D+3D 2D 3D 2D+3D 2D 3D 2D+3D

No Adaptation 49.67 47.39 55.96 41.85 42.32 49.98 32.85 34.01 40.52

AF 55.73 53.25 58.48 38.68 41.38 39.41 44.92 48.54 50.05
AF+LxM 56.78 53.29 58.83 37.78 41.36 39.10 45.01 48.34 49.60

EW 57.32 51.97 62.28 44.23 44.61 50.72 35.93 43.16 41.23
EW+LxM 57.47 52.12 62.32 44.73 44.53 50.72 36.82 43.26 41.24

Oracle 64.67 57.19 71.29 46.11 40.31 45.60 58.84 71.75 74.57

Table 6. We examine the interplay between agreement filtering (AF),
entropy weighting (EW), and the cross-modal loss LxM for the
crossover experiments. We note that in the crossover experiments
AF provides substantial improvements, while EW does not. Also
worth noting is that most of the performance gain comes from just
using AF, with LxM providing modest improvements.

USA-2D,Singapore-3D Singapore-2D,USA-3D Day-2D,Night-3D Night-2D,Day-3D

Method 2D 3D 2D+3D 2D 3D 2D+3D 2D 3D 2D+3D 2D 3D 2D+3D

No adaptation 18.98 28.94 26.77 20.22 28.45 25.51 24.21 28.54 29.96 16.14 26.60 20.52

AF 29.34 33.00 31.86 28.50 34.59 31.32 31.76 38.19 35.07 28.22 32.61 30.55
AF+LxM 28.02 34.27 30.81 29.55 32.91 31.95 32.42 38.54 35.67 28.63 32.98 30.87

EW 16.39 20.38 18.41 16.20 17.87 17.22 19.61 18.93 20.60 7.27 7.84 8.23
EW+LxM 15.64 18.57 16.88 16.26 19.49 18.08 19.64 19.33 20.68 7.71 7.97 8.60

Oracle 55.36 68.73 69.82 56.37 67.69 70.60 58.20 67.82 70.82 56.41 68.69 69.90

when particular pseudo-label fusion approaches are cho-
sen, and the resulting quality of pseudo-labels that are be-
ing selected. In Table 3 we show the source and target
agreement calculated according to the approach described
in Section 3.3, and the ratio between them on the first three
experiments. For the USA/Singapore and Day/Night ex-
periments, which are both derived by partitioning a single
dataset, we obtain a ratio close to one and EW is selected.
For the A2D2/SemanticKITTI experiment, which adapts
across datasets, the ratio drops to 0.31 which is less than our
threshold of 0.5 leading to AF being selected.

The efficacy of the switching is shown by the pseudo-label
accuracy in Table 4. In the first two cases, EW gives correct
pseudo-labels for over 90% of samples, while allowing less
than 1% of incorrect labels. In the third experiment AF
is selected and while far fewer correctly labeled samples
are accepted the amount of incorrect labels is also much
lower (< 2%), i.e., AF selects fewer, but correct, samples.
Throughout the crossover experiments, AF is selected, a full
analysis of which is included in the supplemental materials.
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Figure 3. Ground truth data for comparison with qualitative results.
Each color represents a different segmentation class.

2D 3D 2D+3D

(b) No Adaptation

2D 3D 2D+3D

(d) xMUDA Source Free

2D 3D 2D+3D

(c) SUMMIT (Ours)
Figure 4. Qualitative results on the A2D2/SemanticKITTI experi-
ment, comparing our method to the unadapted source model and
xMUDA Source Free. Note the patches of misclassified road, which
xMUDA SF exacerbates, but our method fixes. Images are best
viewed digitally.

Ablation Study. We perform an ablation study on the adap-
tation and the crossover experiments where we examine the
performance of each of our complementary pseudo-label
fusion methods both with and without the cross-modal loss.
In Table 5 we can clearly see the majority of improve-
ments coming from the pseudo label fusion, with some
additional improvements from the cross-modal loss. We
note in the USA/Singapore and Day/Night experiments en-
tropy weighting outperforms the agreement filtering method,
due to the smaller domain gap. However, in this case,
agreement filtering still gives strong performance. In the
A2D2/SemanticKITTI agreement filtering performs better,
since there is a larger domain gap. We also note that our
switching method consistently picks the best method for
pseudo-label fusion.

In Table 6 we show the results on the crossover experi-
ments. We see that AF far outperforms EW in this setting.
Since the crossover experiments are all across datasets, the
domain gap is larger and AF is consistently selected. Most of
the performance increase still comes solely from our pseudo-
label fusion. We still see minor improvements from the
cross-modal loss, but in some cases, this comes at the ex-
pense of one of the modalities.
Qualitative Results. We visualize the output of our adap-
tation methods as well as no adaptation and xMUDA SF
baselines in Fig. 4, for the adaptation experiment, and in Fig.

2D 3D 2D+3D

(b) No Adaptation

2D 3D 2D+3D

(d) xMUDA Source Free

2D 3D 2D+3D

(c) SUMMIT (Ours)
Figure 5. Qualitative results on the Day/Night to SemanticKITTI
crossover experiments. Once again we see xMUDA SF exacerbat-
ing misclassifications. Images are best viewed digitally.

5, for the crossover experiment. They can both be compared
to the ground truth segmentation in Fig. 3. In both figures,
we see that in the unadapted source, large portions of the
road and sidewalk are misclassified in the 2D output. We
see similar errors in the 3D and 2D+3D output. When the
source-free xMUDA adaptation is applied, we see that the
results can get worse, with even larger portions of the road
and the sidewalk being misclassified. When we apply our
method we see that most of the misclassifications are fixed,
critically the road and sidewalk are now correctly classified.
Some small portions of the building are misclassified, but
they are relatively small regions. The combined output does
fix some of the smaller misclassifications and the combi-
nation does not introduce any new errors. The images are
best viewed digitally, where they can be zoomed in. A short
video is provided in the supplementary materials.

5. Conclusion
In this paper we introduced a new multi-modal UDA

setting, Source-free Adaptation of Uni-modal Models to
Multi-Modal Targets (SUMMIT), where source models are
trained independently on each modality and source data are
not needed during adaptation. We addressed this new setting
by fusing information across modalities to improve pseudo-
labeling. We proposed a data driven switching method that
chooses between two complementary methods for fusing
pseudo-labels across modalities, which provides an improve-
ment of up to 12% over competing baselines.
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