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Abstract

Wepresentasimple,fully-convolutionalmodelforreal-
timeinstancesegmentationthatachieves29.8mAPonMS
COCOat33.5fpsevaluatedonasingleTitanXp,whichis
significantlyfasterthananypreviouscompetitiveapproach.
Moreover,weobtainthisresultaftertrainingononlyone
GPU.Weaccomplishthisbybreakinginstancesegmenta-
tionintotwoparallelsubtasks:(1)generatingasetofpro-
totypemasksand(2)predictingper-instancemaskcoeffi-
cients.Thenweproduceinstancemasksbylinearlycombin-
ingtheprototypeswiththemaskcoefficients. Wefindthat
becausethisprocessdoesn’tdependonrepooling,thisap-
proachproducesveryhigh-qualitymasksandexhibitstem-
poralstabilityforfree.Furthermore,weanalyzetheemer-
gentbehaviorofourprototypesandshowtheylearntolo-
calizeinstancesontheirowninatranslationvariantman-
ner,despitebeingfully-convolutional.Finally,wealsopro-
poseFastNMS,adrop-in12msfasterreplacementforstan-
dardNMSthatonlyhasamarginalperformancepenalty.

1.Introduction

“Boxesarestupidanywaythough,I’mprobablyatrue
believerinmasksexceptIcan’tgetYOLOtolearnthem.”

–JosephRedmon,YOLOv3[36]

What wouldittaketocreateareal-timeinstanceseg-
mentationalgorithm? Overthepastfewyears,thevi-
sioncommunityhasmadegreatstridesininstanceseg-
mentation,inpartbydrawingonpowerfulparallelsfrom
thewell-establisheddomainofobjectdetection.State-of-
the-artapproachestoinstancesegmentationlikeMaskR-
CNN[18]andFCIS[24]directlybuildoffofadvancesin
objectdetectionlikeFasterR-CNN[37]andR-FCN[8].
Yet,thesemethodsfocusprimarilyonperformanceover
speed,leavingthescenedevoidofinstancesegmentation
parallelstoreal-timeobjectdetectorslikeSSD[30]and
YOLO[35,36].Inthiswork,ourgoalistofillthatgapwith
afast,one-stageinstancesegmentationmodelinthesame
waythatSSDandYOLOfillthatgapforobjectdetection.

Figure1:Speed-performancetrade-offforvariousinstance
segmentationmethodsonCOCO.Toourknowledge,ours
isthefirstreal-time(above30FPS)approachwitharound
30maskmAPonCOCOtest-dev.

However,instancesegmentationishard—muchharder
thanobjectdetection.One-stageobjectdetectorslikeSSD
andYOLOareabletospeedupexistingtwo-stagede-
tectorslikeFasterR-CNNbysimplyremovingthesec-
ondstageandmakingupforthelostperformanceinother
ways.Thesameapproachisnoteasilyextendable,how-
ever,toinstancesegmentation.State-of-the-arttwo-stage
instancesegmentationmethodsdependheavilyonfeature
localizationtoproducemasks.Thatis,thesemethods“re-
pool”featuresinsomeboundingboxregion(e.g.,viaRoI-
pool/align),andthenfeedthesenowlocalizedfeaturesto
theirmaskpredictor.Thisapproachisinherentlysequential
andisthereforedifficulttoaccelerate.One-stagemethods
thatperformthesestepsinparallellikeFCISdoexist,but
theyrequiresignificantamountsofpost-processingafterlo-
calization,andthusarestillfarfromreal-time.
Toaddresstheseissues,weproposeYOLACT1,areal-

timeinstancesegmentationframeworkthatforgoesanex-
plicitlocalizationstep.Instead,YOLACTbreaksupin-
stancesegmentationintotwoparalleltasks:(1)generat-
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ingadictionaryofnon-localprototypemasksovertheen-
tireimage,and(2)predictingasetoflinearcombination
coefficientsperinstance.Thenproducingafull-imagein-
stancesegmentationfromthesetwocomponentsissimple:
foreachinstance,linearlycombinetheprototypesusingthe
correspondingpredictedcoefficientsandthencropwitha
predictedboundingbox. Weshowthatbysegmentingin
thismanner,thenetworklearnshowtolocalizeinstance
masksonitsown,wherevisually,spatially,andsemanti-
callysimilarinstancesappeardifferentintheprototypes.
Moreover,sincethenumberofprototypemasksisinde-

pendentofthenumberofcategories(e.g.,therecanbemore
categoriesthanprototypes),YOLACTlearnsadistributed
representationinwhicheachinstanceissegmentedwitha
combinationofprototypesthataresharedacrosscategories.
Thisdistributedrepresentationleadstointerestingemergent
behaviorintheprototypespace:someprototypesspatially
partitiontheimage,somelocalizeinstances,somedetectin-
stancecontours,someencodeposition-sensitivedirectional
maps(similartothoseobtainedbyhard-codingaposition-
sensitivemoduleinFCIS[24]),andmostdoacombination
ofthesetasks(seeFigure5).
Thisapproachalsohasseveralpracticaladvantages.

Firstandforemost,it’sfast:becauseofitsparallelstruc-
tureandextremelylightweightassemblyprocess,YOLACT
addsonlyamarginalamountofcomputationaloverheadto
aone-stagebackbonedetector,makingiteasytoreach30
fpsevenwhenusingResNet-101[19];infact,theentire
maskbranchtakesonly∼5mstoevaluate.Second,masks
arehigh-quality:sincethemasksusethefullextentofthe
imagespacewithoutanylossofqualityfromrepooling,our
masksforlargeobjectsaresignificantlyhigherqualitythan
thoseofothermethods(seeFigure7). Finally,it’sgen-
eral:theideaofgeneratingprototypesandmaskcoefficients
couldbeaddedtoalmostanymodernobjectdetector.
Ourmaincontributionisthefirstreal-time(>30fps)in-

stancesegmentationalgorithmwithcompetitiveresultson
thechallengingMSCOCOdataset[28](seeFigure1).In
addition,weanalyzetheemergentbehaviorofYOLACT’s
prototypesandprovideexperimentstostudythespeed
vs.performancetrade-offsobtainedwithdifferentback-
bonearchitectures,numbersofprototypes,andimageres-
olutions. WealsoprovideanovelFastNMSapproachthat
is12msfasterthantraditionalNMSwithanegligibleper-
formancepenalty.ThecodeforYOLACTisavailableat
https://github.com/dbolya/yolact.

2.RelatedWork

InstanceSegmentationGivenitsimportance,alotofre-
searchefforthasbeenmadetopushinstancesegmentation
accuracy. Mask-RCNN[18]isarepresentativetwo-stage
instancesegmentationapproachthatfirstgeneratescandi-
dateregion-of-interests(ROIs)andthenclassifiesandseg-

mentsthoseROIsinthesecondstage.Follow-upworks
trytoimproveitsaccuracybye.g.,enrichingtheFPN
features[29]oraddressingtheincompatibilitybetweena
mask’sconfidencescoreanditslocalizationaccuracy[20].
Thesetwo-stagemethodsrequirere-poolingfeaturesfor
eachROIandprocessingthemwithsubsequentcomputa-
tions,whichmakethemunabletoobtainreal-timespeeds
(30fps)evenwhendecreasingimagesize(seeTable2c).
One-stageinstancesegmentationmethodsgeneratepo-

sitionsensitivemapsthatareassembledintofinalmasks
withposition-sensitivepooling[6,24]orcombineseman-
ticsegmentationlogitsanddirectionpredictionlogits[4].
Thoughconceptuallyfasterthantwo-stagemethods,they
stillrequirerepoolingorothernon-trivialcomputations
(e.g.,maskvoting).Thisseverelylimitstheirspeed,plac-
ingthemfarfromreal-time.Incontrast,ourassemblystep
ismuchmorelightweight(onlyalinearcombination)and
canbeimplementedasoneGPU-acceleratedmatrix-matrix
multiplication,makingourapproachveryfast.
Finally,somemethodsfirstperformsemanticsegmen-

tationfollowedbyboundarydetection[22],pixelclus-
tering[3,25],orlearnanembeddingtoforminstance
masks[32,17,9,13]. Again,thesemethodshavemulti-
plestagesand/orinvolveexpensiveclusteringprocedures,
whichlimitstheirviabilityforreal-timeapplications.

Real-timeInstanceSegmentation Whilereal-timeob-
jectdetection[30,34,35,36],andsemanticsegmenta-
tion[2,41,33,11,47]methodsexist,fewworkshave
focusedonreal-timeinstancesegmentation. Straightto
Shapes[21]andBox2Pix[42]canperforminstanceseg-
mentationinreal-time(30fpsonPascalSBD2012[12,16]
forStraighttoShapes,and10.9fpsonCityscapes[5]and35
fpsonKITTI[15]forBox2Pix),buttheiraccuraciesarefar
fromthatofmodernbaselines.Infact,MaskR-CNN[18]
remainsoneofthefastestinstancesegmentationmethods
onsemanticallychallengingdatasetslikeCOCO[28](13.5
fpson5502pximages;seeTable2c).

Prototypes Learningprototypes(akavocabularyorcode-
book)hasbeenextensivelyexploredincomputervision.
Classicalrepresentationsincludetextons[23]andvisual
words[40],withadvancesmadeviasparsityandlocality
priors[44,43,46].Othershavedesignedprototypesforob-
jectdetection[1,45,38].Thoughrelated,theseworksuse
prototypestorepresentfeatures,whereasweusethemto
assemblemasksforinstancesegmentation. Moreover,we
learnprototypesthatarespecifictoeachimage,ratherthan
globalprototypessharedacrosstheentiredataset.

3.YOLACT

Ourgoalistoaddamaskbranchtoanexistingone-stage
objectdetectionmodelinthesameveinasMaskR-CNN
[18]doestoFasterR-CNN[37],butwithoutanexplicitfea-

9158



+ + - =+

+ - + =- Detection

2

Detection

1

Protonet

Prediction 

Head
NMS

Crop Threshold

Prototypes

Mask Coefficients

-

+

Person

Detection 1

-

+

Racket

Detection 2

Assembly

Feature Backbone

Feature Pyramid

Figure2:YOLACTArchitecture Blue/yellowindicateslow/highvaluesintheprototypes,graynodesindicatefunctions
thatarenottrained,andk=4inthisexample.WebasethisarchitectureoffofRetinaNet[27]usingResNet-101+FPN.

turelocalizationstep(e.g.,featurerepooling).Todothis,
webreakupthecomplextaskofinstancesegmentationinto
twosimpler,paralleltasksthatcanbeassembledtoform
thefinalmasks.ThefirstbranchusesanFCN[31]topro-
duceasetofimage-sized“prototypemasks”thatdonotde-
pendonanyoneinstance.Thesecondaddsanextrahead
totheobjectdetectionbranchtopredictavectorof“mask
coefficients”foreachanchorthatencodeaninstance’srep-
resentationintheprototypespace.Finally,foreachinstance
thatsurvivesNMS,weconstructamaskforthatinstanceby
linearlycombiningtheworkofthesetwobranches.

Rationale Weperforminstancesegmentationinthisway
primarilybecausemasksarespatiallycoherent;i.e.,pixels
closetoeachotherarelikelytobepartofthesameinstance.
Whileaconvolutional(conv)layernaturallytakesadvan-
tageofthiscoherence,afully-connected(fc)layerdoesnot.
Thatposesaproblem,sinceone-stageobjectdetectorspro-
duceclassandboxcoefficientsforeachanchorasanoutput
ofanfclayer.2TwostageapproacheslikeMaskR-CNNget
aroundthisproblembyusingalocalizationstep(e.g.,RoI-
Align),whichpreservesthespatialcoherenceofthefea-
tureswhilealsoallowingthemasktobeaconvlayerout-
put.However,doingsorequiresasignificantportionofthe
modeltowaitforafirst-stageRPNtoproposelocalization
candidates,inducingasignificantspeedpenalty.
Thus,webreaktheproblemintotwoparallelparts,mak-

inguseoffclayers,whicharegoodatproducingsemantic
vectors,andconvlayers,whicharegoodatproducingspa-
tiallycoherentmasks,toproducethe“maskcoefficients”
and“prototypemasks”,respectively.Then,becauseproto-
typesandmaskcoefficientscanbecomputedindependently,

2Toshowthatthisisanissue,wedevelopan“fc-mask”modelthatpro-
ducesmasksforeachanchorasthereshapedoutputofanfclayer.Asour
experimentsinTable2cshow,simplyaddingmaskstoaone-stagemodel
asfcoutputsonlyobtains20.7mAPandisthusverymuchinsufficient.

thecomputationaloverheadoverthatofthebackbonede-
tectorcomesmostlyfromtheassemblystep,whichcanbe
implementedasasinglematrixmultiplication.Inthisway,
wecanmaintainspatialcoherenceinthefeaturespacewhile
stillbeingone-stageandfast.

3.1.PrototypeGeneration

Theprototypegenerationbranch(protonet)predictsaset
ofkprototypemasksfortheentireimage. Weimplement
protonetasanFCNwhoselastlayerhaskchannels(one
foreachprototype)andattachittoabackbonefeaturelayer
(seeFigure3foranillustration). Whilethisformulationis
similartostandardsemanticsegmentation,itdiffersinthat
weexhibitnoexplicitlossontheprototypes.Instead,all
supervisionfortheseprototypescomesfromthefinalmask
lossafterassembly.
Wenotetwoimportantdesignchoices:takingpro-

tonetfromdeeperbackbonefeaturesproducesmorero-
bustmasks,andhigherresolutionprototypesresultinboth
higherqualitymasksandbetterperformanceonsmallerob-
jects. Thus,weuseFPN[26]becauseitslargestfeature
layers(P3inourcase;seeFigure2)arethedeepest.Then,
weupsampleittoonefourththedimensionsoftheinput
imagetoincreaseperformanceonsmallobjects.
Finally,wefinditimportantfortheprotonet’soutputto

beunbounded,asthisallowsthenetworktoproducelarge,
overpoweringactivationsforprototypesitisveryconfident
about(e.g.,obviousbackground).Thus,wehavetheoption
offollowingprotonetwitheitheraReLUornononlinearity.
WechooseReLUformoreinterpretableprototypes.

3.2.MaskCoefficients

Typicalanchor-basedobjectdetectorshavetwobranches
intheirpredictionheads:onebranchtopredictcclasscon-
fidences,andtheothertopredict4boundingboxregres-
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×369×69×256 138×138×256 138×138×k69×69×256P3

Figure 3: Protonet Architecture The labels denote fea-

ture size and channels for an image size of 550 × 550. Ar-

rows indicate 3 × 3 conv layers, except for the final conv

which is 1 × 1. The increase in size is an upsample fol-

lowed by a conv. Inspired by the mask branch in [18].

sors. For mask coefficient prediction, we simply add a third

branch in parallel that predicts k mask coefficients, one cor-

responding to each prototype. Thus, instead of producing

4 + c coefficients per anchor, we produce 4 + c+ k.

Then for nonlinearity, we find it important to be able to

subtract out prototypes from the final mask. Thus, we apply

tanh to the k mask coefficients, which produces more sta-

ble outputs over no nonlinearity. The relevance of this de-

sign choice is apparent in Figure 2, as neither mask would

be constructable without allowing for subtraction.

3.3. Mask Assembly

To produce instance masks, we combine the work of the

prototype branch and mask coefficient branch, using a lin-

ear combination of the former with the latter as coefficients.

We then follow this by a sigmoid nonlinearity to produce

the final masks. These operations can be implemented effi-

ciently using a single matrix multiplication and sigmoid:

M = σ(PCT ) (1)

where P is an h×w×k matrix of prototype masks and C is

a n × k matrix of mask coefficients for n instances surviv-

ing NMS and score thresholding. Other, more complicated

combination steps are possible; however, we keep it simple

(and fast) with a basic linear combination.

Losses We use three losses to train our model: classifi-

cation loss Lcls, box regression loss Lbox and mask loss

Lmask with the weights 1, 1.5, and 6.125 respectively. Both

Lcls and Lbox are defined in the same way as in [30]. Then

to compute mask loss, we simply take the pixel-wise binary

cross entropy between assembled masks M and the ground

truth masks Mgt: Lmask = BCE(M,Mgt).

Cropping Masks We crop the final masks with the pre-

dicted bounding box during evaluation. During training, we

instead crop with the ground truth bounding box, and divide

Lmask by the ground truth bounding box area to preserve

small objects in the prototypes.

3.4. Emergent Behavior

Our approach might seem surprising, as the general con-

sensus around instance segmentation is that because FCNs
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Figure 4: Head Architecture We use a shallower predic-

tion head than RetinaNet [27] and add a mask coefficient

branch. This is for c classes, a anchors for feature layer Pi,

and k prototypes. See Figure 3 for a key.

are translation invariant, the task needs translation variance

added back in [24]. Thus methods like FCIS [24] and

Mask R-CNN [18] try to explicitly add translation variance,

whether it be by directional maps and position-sensitive re-

pooling, or by putting the mask branch in the second stage

so it does not have to deal with localizing instances. In

our method, the only translation variance we add is to crop

the final mask with the predicted bounding box. However,

we find that our method also works without cropping for

medium and large objects, so this is not a result of crop-

ping. Instead, YOLACT learns how to localize instances

on its own via different activations in its prototypes.

To see how this is possible, first note that the prototype

activations for the solid red image (image a) in Figure 5 are

actually not possible in an FCN without padding. Because

a convolution outputs to a single pixel, if its input every-

where in the image is the same, the result everywhere in the

conv output will be the same. On the other hand, the consis-

tent rim of padding in modern FCNs like ResNet gives the

network the ability to tell how far away from the image’s

edge a pixel is. Conceptually, one way it could accomplish

this is to have multiple layers in sequence spread the padded

0’s out from the edge toward the center (e.g., with a kernel

like [1, 0]). This means ResNet, for instance, is inherently

translation variant, and our method makes heavy use of that

property (images b and c exhibit clear translation variance).

We observe many prototypes to activate on certain “par-

titions” of the image. That is, they only activate on objects

on one side of an implicitly learned boundary. In Figure

5, prototypes 1-3 are such examples. By combining these

partition maps, the network can distinguish between differ-

ent (even overlapping) instances of the same semantic class;

e.g., in image d, the green umbrella can be separated from

the red one by subtracting prototype 3 from prototype 2.

Furthermore, being learned objects, prototypes are com-

pressible. That is, if protonet combines the functionality of
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Figure 5: Prototype Behavior The activations of the same

six prototypes (y axis) across different images (x axis). Pro-

totypes 1-3 respond to objects to one side of a soft, implicit

boundary (marked with a dotted line). Prototype 4 activates

on the bottom-left of objects (for instance, the bottom left of

the umbrellas in image d); prototype 5 activates on the back-

ground and on the edges between objects; and prototype 6

segments what the network perceives to be the ground in the

image. These last 3 patterns are most clear in images d-f.

multiple prototypes into one, the mask coefficient branch

can learn which situations call for which functionality. For

instance, in Figure 5, prototype 2 is a partitioning prototype

but also fires most strongly on instances in the bottom-left

corner. Prototype 3 is similar but for instances on the right.

This explains why in practice, the model does not degrade

in performance even with as low as k = 32 prototypes (see

Table 2b). On the other hand, increasing k is ineffective

most likely because predicting coefficients is difficult. If

the network makes a large error in even one coefficient, due

to the nature of linear combinations, the produced mask can

vanish or include leakage from other objects. Thus, the net-

work has to play a balancing act to produce the right coef-

ficients, and adding more prototypes makes this harder. In

fact, we find that for higher values of k, the network simply

adds redundant prototypes with small edge-level variations

that slightly increase AP95, but not much else.

4. Backbone Detector

For our backbone detector we prioritize speed as well

as feature richness, since predicting these prototypes and

coefficients is a difficult task that requires good features to

do well. Thus, the design of our backbone detector closely

follows RetinaNet [27] with an emphasis on speed.

YOLACT Detector We use ResNet-101 [19] with FPN

[26] as our default feature backbone and a base image size

of 550 × 550. We do not preserve aspect ratio in order to

get consistent evaluation times per image. Like RetinaNet,

we modify FPN by not producing P2 and producing P6 and

P7 as successive 3× 3 stride 2 conv layers starting from P5

(not C5) and place 3 anchors with aspect ratios [1, 1/2, 2]
on each. The anchors of P3 have areas of 24 pixels squared,

and every subsequent layer has double the scale of the pre-

vious (resulting in the scales [24, 48, 96, 192, 384]). For the

prediction head attached to each Pi, we have one 3×3 conv

shared by all three branches, and then each branch gets its

own 3 × 3 conv in parallel. Compared to RetinaNet, our

prediction head design (see Figure 4) is more lightweight

and much faster. We apply smooth-L1 loss to train box re-

gressors and encode box regression coordinates in the same

way as SSD [30]. To train class prediction, we use softmax

cross entropy with c positive labels and 1 background label,

selecting training examples using OHEM [39] with a 3:1

neg:pos ratio. Thus, unlike RetinaNet we do not use focal

loss, which we found not to be viable in our situation.

With these design choices, we find that this backbone

performs better and faster than SSD [30] modified to use

ResNet-101 [19], with the same image size.

5. Other Improvements

We also discuss other improvements that either increase

speed with little effect on performance or increase perfor-

mance with no speed penalty.

Fast NMS After producing bounding box regression coef-

ficients and class confidences for each anchor, like most ob-

ject detectors we perform NMS to suppress duplicate detec-

tions. In many previous works [35, 36, 30, 37, 18, 27], NMS

is performed sequentially. That is, for each of the c classes

in the dataset, sort the detected boxes descending by con-

fidence, and then for each detection remove all those with

lower confidence than it that have an IoU overlap greater

than some threshold. While this sequential approach is fast

enough at speeds of around 5 fps, it becomes a large barrier

for obtaining 30 fps (for instance, a 10 ms improvement at

5 fps results in a 0.26 fps boost, while a 10 ms improvement

at 30 fps results in a 12.9 fps boost).

To fix the sequential nature of traditional NMS, we in-

troduce Fast NMS, a version of NMS where every instance

can be decided to be kept or discarded in parallel. To do

this, we simply allow already-removed detections to sup-

press other detections, which is not possible in traditional

NMS. This relaxation allows us to implement Fast NMS

entirely in standard GPU-accelerated matrix operations.
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Figure6:YOLACTevaluationresultsonCOCO’stest-devset.Thisbasemodelachieves29.8mAPat33.0fps.All
imageshavetheconfidencethresholdsetto0.3.

ToperformFastNMS,wefirstcomputeac×n×n
pairwiseIoUmatrixXforthetopndetectionssortedde-
scendingbyscoreforeachofcclasses. Batchedsorting
ontheGPUisreadilyavailableandcomputingIoUcan
beeasilyvectorized.Then,weremovedetectionsifthere
areanyhigher-scoringdetectionswithacorrespondingIoU
greaterthansomethresholdt. Weefficientlyimplement
thisbyfirstsettingthelowertriangleanddiagonalofXto
0:Xkij=0,∀k,j,i≥j,whichcanbeperformedinone
batchedtriucall,andthentakingthecolumn-wisemax:

Kkj=max
i
(Xkij) ∀k,j (2)

tocomputeamatrixKofmaximumIoUvaluesforeach
detection.Finally,thresholdingthismatrixwitht(K<t)
willindicatewhichdetectionstokeepforeachclass.
Becauseoftherelaxation,FastNMShastheeffectof

removingslightlytoomanyboxes. However,theperfor-
mancehitcausedbythisisnegligiblecomparedtothestark
increaseinspeed(seeTable2a).Inourcodebase,Fast
NMSis11.8msfasterthanaCythonimplementationof
traditionalNMSwhileonlyreducingperformanceby0.1
mAP.IntheMaskR-CNNbenchmarksuite[18],FastNMS
is15.0msfasterthantheirCUDAimplementationoftradi-
tionalNMSwithaperformancelossofonly0.3mAP.

SemanticSegmentationLoss WhileFastNMStradesa
smallamountofperformanceforspeed,therearewaysto

increaseperformancewithnospeedpenalty.Oneofthose
waysistoapplyextralossestothemodelduringtraining
usingmodulesnotexecutedattesttime.Thiseffectively
increasesfeaturerichnesswhileatnospeedpenalty.
Thus,weapplyasemanticsegmentationlossonourfea-

turespaceusinglayersthatareonlyevaluatedduringtrain-
ing.Notethatbecauseweconstructthegroundtruthforthis
lossfrominstanceannotations,thisdoesnotstrictlycapture
semanticsegmentation(i.e.,wedonotenforcethestandard
oneclassperpixel).Tocreatepredictionsduringtraining,
wesimplyattacha1x1convlayerwithcoutputchannelsdi-
rectlytothelargestfeaturemap(P3)inourbackbone.Since
eachpixelcanbeassignedtomorethanoneclass,weuse
sigmoidandcchannelsinsteadofsoftmaxandc+1.This
lossisgivenaweightof1andresultsina+0.4mAPboost.

6.Results

WereportinstancesegmentationresultsonMSCOCO
[28]andPascal2012SBD[16]usingthestandardmetrics.
ForMSCOCO,wetrainontrain2017andevaluateon
val2017andtest-dev.

ImplementationDetailsWetrainallmodelswithbatch
size8ononeGPUusingImageNet[10]pretrainedweights.
Wefindthatthisisasufficientbatchsizetousebatchnorm,
soweleavethepretrainedbatchnormunfrozenbutdonot
addanyextrabnlayers. WetrainwithSGDfor800kitera-
tionsstartingataninitiallearningrateof10−3anddivideby
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Figure7:MaskQuality OurmasksaretypicallyhigherqualitythanthoseofMaskR-CNN[18]andFCIS[24]becauseof
thelargermasksizeandlackoffeaturerepooling.

10atiterations280k,600k,700k,and750k,usingaweight
decayof5×10−4,amomentumof0.9,andalldataaug-
mentationsusedinSSD[30].ForPascal,wetrainfor120k
iterationsanddividethelearningrateat60kand100k. We
alsomultiplytheanchorscalesby4/3,asobjectstendto
belarger.Trainingtakes4-6days(dependingonconfig)on
oneTitanXpforCOCOandlessthan1dayonPascal.

MaskResults WefirstcompareYOLACTtostate-of-the
artmethodsonMSCOCO’stest-devsetinTable1.Be-
causeourmaingoalisspeed,wecompareagainstother
singlemodelresultswithnotest-timeaugmentations. We
reportallspeedscomputedonasingleTitanXp,sosome
listedspeedsmaybefasterthanintheoriginalpaper.
YOLACT-550offerscompetitiveinstancesegmentation

performancewhileat3.8xthespeedofthepreviousfastest
instancesegmentationmethodonCOCO. Wealsonote
aninterestingdifferenceinwheretheperformanceofour
methodliescomparedtoothers.Supportingourqualitative
findingsinFigure7,thegapbetweenYOLACT-550and
MaskR-CNNatthe50%overlapthresholdis9.5AP,while
it’s6.6atthe75%IoUthreshold. Thisisdifferentfrom
theperformanceofFCIS,forinstance,comparedtoMask
R-CNNwherethegapisconsistent(APvaluesof7.5and
7.6respectively).Furthermore,atthehighest(95%)IoU
threshold,weoutperformMaskR-CNNwith1.6vs.1.3AP.
Wealsoreportnumbersforalternatemodelconfigura-

tionsinTable1.Inadditiontoourbase550×550im-
agesizemodel,wetrain400×400(YOLACT-400)and
700×700(YOLACT-700)models,adjustingtheanchor
scalesaccordingly(sx=s550/550∗x).Loweringtheim-
agesizeresultsinalargedecreaseinperformance,demon-
stratingthatinstancesegmentationnaturallydemandslarger
images.Then,raisingtheimagesizedecreasesspeedsig-
nificantlybutalsoincreasesperformance,asexpected.
InadditiontoourbasebackboneofResNet-101[19],

wealsotestResNet-50andDarkNet-53[36]toobtaineven
fasterresults.Ifhigherspeedsarepreferablewesuggest
usingResNet-50orDarkNet-53insteadofloweringtheim-

agesize,astheseconfigurationsperformmuchbetterthan
YOLACT-400,whileonlybeingslightlyslower.

Finally,wealsotrainandevaluateourResNet-50model
onPascal2012SBDinTable3. YOLACTclearlyout-
performspopularapproachesthatreportSBDperformance,
whilealsobeingsignificantlyfaster.

MaskQuality Becauseweproduceafinalmaskofsize
138×138,andbecausewecreatemasksdirectlyfromthe
originalfeatures(withnorepoolingtotransformandpoten-
tiallymisalignthefeatures),ourmasksforlargeobjectsare
noticeablyhigherqualitythanthoseofMaskR-CNN[18]
andFCIS[24].Forinstance,inFigure7,YOLACTpro-
ducesamaskthatcleanlyfollowstheboundaryofthearm,
whereasbothFCISand MaskR-CNNhavemorenoise.
Moreover,despitebeing5.9mAPworseoverall,atthe95%
IoUthreshold,ourbasemodelachieves1.6APwhileMask
R-CNNobtains1.3.Thisindicatesthatrepoolingdoesre-
sultinaquantifiabledecreaseinmaskquality.

TemporalStability Althoughweonlytrainusingstatic
imagesanddonotapplyanytemporalsmoothing,wefind
thatourmodelproducesmoretemporallystablemaskson
videosthanMaskR-CNN,whosemasksjitteracrossframes
evenwhenobjectsarestationary.Webelieveourmasksare
morestableinpartbecausetheyarehigherquality(thus
thereislessroomforerrorbetweenframes),butmostlybe-
causeourmodelisone-stage.Masksproducedintwo-stage
methodsarehighlydependentontheirregionproposalsin
thefirststage.Incontrastforourmethod,evenifthemodel
predictsdifferentboxesacrossframes,theprototypesare
notaffected,yieldingmuchmoretemporallystablemasks.

7.Discussion

Despiteourmasksbeinghigherqualityandhavingnice
propertiesliketemporalstability,wefallbehindstate-of-
the-artinstancesegmentationmethodsinoverallperfor-
mance,albeitwhilebeingmuchfaster. Mosterrorsare
causedbymistakesinthedetector:misclassification,box
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Method Backbone FPS Time AP AP50 AP75 APS APM APL

PA-Net [29] R-50-FPN 4.7 212.8 36.6 58.0 39.3 16.3 38.1 53.1

RetinaMask [14] R-101-FPN 6.0 166.7 34.7 55.4 36.9 14.3 36.7 50.5

FCIS [24] R-101-C5 6.6 151.5 29.5 51.5 30.2 8.0 31.0 49.7

Mask R-CNN [18] R-101-FPN 8.6 116.3 35.7 58.0 37.8 15.5 38.1 52.4

MS R-CNN [20] R-101-FPN 8.6 116.3 38.3 58.8 41.5 17.8 40.4 54.4

YOLACT-550 R-101-FPN 33.5 29.8 29.8 48.5 31.2 9.9 31.3 47.7

YOLACT-400 R-101-FPN 45.3 22.1 24.9 42.0 25.4 5.0 25.3 45.0

YOLACT-550 R-50-FPN 45.0 22.2 28.2 46.6 29.2 9.2 29.3 44.8

YOLACT-550 D-53-FPN 40.7 24.6 28.7 46.8 30.0 9.5 29.6 45.5

YOLACT-700 R-101-FPN 23.4 42.7 31.2 50.6 32.8 12.1 33.3 47.1

Table 1: MS COCO [28] Results We compare to state-of-the-art methods for mask mAP and speed on COCO test-dev

and include several ablations of our base model, varying backbone network and image size. We denote the backbone archi-

tecture with network-depth-features, where R and D refer to ResNet [19] and DarkNet [36], respectively. Our base

model, YOLACT-550 with ResNet-101, is 3.9x faster than the previous fastest approach with competitive mask mAP.

Method NMS AP FPS Time

YOLACT
Standard 30.0 24.0 41.6

Fast 29.9 33.5 29.8

Mask R-CNN
Standard 36.1 8.6 116.0

Fast 35.8 9.9 101.0

(a) Fast NMS Fast NMS performs only slightly

worse than standard NMS, while being around 12

ms faster. We also observe a similar trade-off im-

plementing Fast NMS in Mask R-CNN.

k AP FPS Time

8 26.8 33.0 30.4

16 27.1 32.8 30.5
∗32 27.7 32.4 30.9

64 27.8 31.7 31.5

128 27.6 31.5 31.8

256 27.7 29.8 33.6

(b) Prototypes Choices for

k. We choose 32 for its mix

of performance and speed.

Method AP FPS Time

FCIS w/o Mask Voting 27.8 9.5 105.3

Mask R-CNN (550 × 550) 32.2 13.5 73.9

fc-mask 20.7 25.7 38.9

YOLACT-550 (Ours) 29.9 33.0 30.3

(c) Accelerated Baselines We compare to other

baseline methods by tuning their speed-accuracy

trade-offs. fc-mask is our model but with 16× 16

masks produced from an fc layer.

Table 2: Ablations All models evaluated on COCO val2017 using our servers. Models in Table 2b were trained for 400k

iterations instead of 800k. Time in milliseconds reported for convenience.

Method Backbone FPS Time mAPr
50

mAPr
70

MNC [7] VGG-16 2.8 360 63.5 41.5

FCIS [24] R-101-C5 9.6 104 65.7 52.1

YOLACT-550 R-50-FPN 47.6 21.0 72.3 56.2

Table 3: Pascal 2012 SBD [16] Results Timing for FCIS

redone on a Titan Xp for fairness. Since Pascal has fewer

and easier detections than COCO, YOLACT does much bet-

ter than previous methods. Note that COCO and Pascal FPS

are not comparable because Pascal has fewer classes.

misalignment, etc. However, we have identified two typical

errors caused by YOLACT’s mask generation algorithm.

Localization Failure If there are too many objects in one

spot in a scene, the network can fail to localize each object

in its own prototype. In these cases, the network will out-

put something closer to a foreground mask than an instance

segmentation for some objects in the group; e.g., in the first

image in Figure 6 (row 1 column 1), the blue truck under

the red airplane is not properly localized.

Leakage Our network leverages the fact that masks are

cropped after assembly, and makes no attempt to suppress

noise outside of the cropped region. This works fine when

the bounding box is accurate, but when it is not, that noise

can creep into the instance mask, creating some “leakage”

from outside the cropped region. This can also happen when

two instances are far away from each other, because the net-

work has learned that it doesn’t need to localize far away

instances—the cropping will take care of it. However, if the

predicted bounding box is too big, the mask will include

some of the far away instance’s mask as well. For instance,

Figure 6 (row 2 column 4) exhibits this leakage because the

mask branch deems the three skiers to be far enough away

to not have to separate them.

Understanding the AP Gap However, localization fail-

ure and leakage alone are not enough to explain the almost

6 mAP gap between YOLACT’s base model and, say, Mask

R-CNN. Indeed, our base model on COCO has just a 2.5

mAP difference between its test-dev mask and box mAP

(29.8 mask, 32.3 box), meaning our base model would only

gain a few points of mAP even with perfect masks. More-

over, Mask R-CNN has this same mAP difference (35.7

mask, 38.2 box), which suggests that the gap between the

two methods lies in the relatively poor performance of our

detector and not in our approach to generating masks.
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