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Source	mesh	(top)	
deformed(right)	to	have	a	
shape	similar	to	the	target	
mesh	(bottom).

Predictions	of	an	image	based	CNN	trained	to	mimic	
the	output	of	the	learned	volume	based	CNN.

Given	the	input	volume	corresponding	to	an	object,	we	use	a	CNN	to	predict	a	shape	abstraction	parametrized	as	up	to	M	
primitives.	The	obtained	abstraction	allow	an	interpretable	representation	for	each	object	as	well	as	provides	a	consistent	

parsing	across	shapes	e.g.	chair	seats	are	captured	by	the	same	primitive	across	the	category.
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3.2.2 Coverage Loss : O ✓ [
m
P̄m .

We want to penalize the CNN prediction if the target object
O is not completely covered by the predicted shape [

m
P̄m.

A sufficient condition to ensure this is that the distance field
of the assembled shape evaluates to zero for all points on
the surface of O.

L1({(zm, qm, tm)}, O) = Ep⇠S(O)kC(p;[
m
P̄m)k2 (3)

Computation can be simplified due to a nice property of
distance fields. It is easy to show that the distance field of
a composed shape equals to the pointwise minimum of the
distance fields of all composing shapes:

C(p;[
m
P̄m) = min

m
C(p; P̄m) (4)

This decomposition rule boils the distance field of a
whole shape down to the distance field of a primitive. In
the following, we show how to efficiently compute C for
primitives as cuboids.

Distance field of Primitives. Given an origin-centred
cuboid represented by z ⌘ (w, h, d) – its extent in the three
dimensions, its distance field Ccub( · ; z) can be computed
as below (using max(0, x) ⌘ x+):

Ccub(p; z)2 = (|px|� w)2+ + (|py|� h)2+ + (|pz|� d)2+

Consider an object O (with an associated field C(·;O))
undergoing a rotation R (parametrized by quaternion q) fol-
lowed by a translation t. The distance field at a point p w.r.t.
the transformed object is the same as the distance field at p0
wrt. the canonical object where p0 = R�1(p� t). This ob-
servations allows us to complete the formulation by defining
C(p; P̄m) (required in Eq. 4) as below.

C(p; P̄m) = C(p0, Pm); p0 = R(T (p,�tm), q̄m) (5)
C(·;Pm) = Ccub(·, zm) (6)

3.2.3 Consistency Loss : [
m
P̄m ✓ O.

We want to penalize the CNN prediction if the predicted
shape [

m
P̄m is not completely inside the target object O. A

sufficient condition is to ensure this is that the distance field
of the object O shape evaluates to zero for all points on the
surface of individual primitives P̄m.

L2({(zm, qm, tm)}, O) =
X

m

Ep⇠S(P̄m)kC(p;O)k2 (7)

Additionally, we observe that to sample a point p on
the surface of P̄m, one can equivalently sample p0 on the

surface of the untransformed primitive Pm and then rotate,
translate p0 according to (qm, zm).

p ⇠ S(P̄m) ⌘ T (R(p0, qm), tm); p0 ⇠ S(Pm)

An aspect for computing gradients for the predicted param-
eters using this loss is the ability to compute derivatives for
zm given gradients for a sampled point on the canonical
untransformed primitive p0 ⇠ S(Pm). We do so by using
the re-parametrization trick [21] which decouples the pa-
rameters from the random sampling. As an example, con-
sider a point being sampled on a rectangle extending from
(�w,�h) to (w, h). Instead of sampling the x-coordinate
as x ⇠ [�w,w], one can use u ⇠ [�1, 1] and x = uw. This
re-parametrization of sampling allows one to compute @x

@w .
We provide the details for applying the re-parametrization
trick for a cuboid primitive in the supplementary.

3.3. Allowing Variable Number of Primitives

The framework we have presented so far reconstructs
each instance in an object category using exactly M primi-
tives. However, different instances in an object category can
be explained by different number of primitives e.g. some
chairs have handles, others don’t. To incorporate this, in
addition to predicting the shape and transformation of each
primitive, we also predict the probability of its existence
pm. We first discuss the modified representation predicted
by the CNN and discuss how the loss function can incorpo-
rate this.

Primitive Representation. As we mentioned above, the
primitive representation has an added parameter pm – the
probability of its existence. To incorporate this, we factor
the primitive shape zm into two components – (zsm, zem).
Here zsm represents the primitive’s dimensions (e.g. cuboid
height, width, depth) as before and zem ⇠ Bern(pm) is a
binary variable which denotes if the primitive actually ex-
ists i.e. if zem = 0 we pretend as if the mth primitive does
not exist. The prediction of the CNN in this scenario is as
below.

{(zsm, qm, tm, pm)|m = 1 · · ·M} = h✓(I) (8)
8m zem ⇠ Bern(pm); zm ⌘ (zsm, zem) (9)

Note that the CNN predicts pm – the parameter of the
Bernoulli distribution from which the part existence vari-
able zem is sampled. This representation allows the predic-
tion of a variable number of parts e.g. if a chair is best ex-
plained using k < M primitives, the network can predict a
high pm for only k primitives and a low pm for the remain-
ing M � k primitives.

Learning. Under the reformulated representation of
primitives, the CNN output does not induce a unique as-
sembled shape – it induces a distribution of possible shapes
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3.2.2 Coverage Loss : O ✓ [
m
P̄m .

We want to penalize the CNN prediction if the target object
O is not completely covered by the predicted shape [

m
P̄m.

A sufficient condition to ensure this is that the distance field
of the assembled shape evaluates to zero for all points on
the surface of O.

L1({(zm, qm, tm)}, O) = Ep⇠S(O)kC(p;[
m
P̄m)k2 (3)

Computation can be simplified due to a nice property of
distance fields. It is easy to show that the distance field of
a composed shape equals to the pointwise minimum of the
distance fields of all composing shapes:

C(p;[
m
P̄m) = min

m
C(p; P̄m) (4)

This decomposition rule boils the distance field of a
whole shape down to the distance field of a primitive. In
the following, we show how to efficiently compute C for
primitives as cuboids.

Distance field of Primitives. Given an origin-centred
cuboid represented by z ⌘ (w, h, d) – its extent in the three
dimensions, its distance field Ccub( · ; z) can be computed
as below (using max(0, x) ⌘ x+):

Ccub(p; z)2 = (|px|� w)2+ + (|py|� h)2+ + (|pz|� d)2+

Consider an object O (with an associated field C(·;O))
undergoing a rotation R (parametrized by quaternion q) fol-
lowed by a translation t. The distance field at a point p w.r.t.
the transformed object is the same as the distance field at p0
wrt. the canonical object where p0 = R�1(p� t). This ob-
servations allows us to complete the formulation by defining
C(p; P̄m) (required in Eq. 4) as below.

C(p; P̄m) = C(p0, Pm); p0 = R(T (p,�tm), q̄m) (5)
C(·;Pm) = Ccub(·, zm) (6)

3.2.3 Consistency Loss : [
m
P̄m ✓ O.

We want to penalize the CNN prediction if the predicted
shape [

m
P̄m is not completely inside the target object O. A

sufficient condition is to ensure this is that the distance field
of the object O shape evaluates to zero for all points on the
surface of individual primitives P̄m.

L2({(zm, qm, tm)}, O) =
X

m

Ep⇠S(P̄m)kC(p;O)k2 (7)

Additionally, we observe that to sample a point p on
the surface of P̄m, one can equivalently sample p0 on the

surface of the untransformed primitive Pm and then rotate,
translate p0 according to (qm, zm).

p ⇠ S(P̄m) ⌘ T (R(p0, qm), tm); p0 ⇠ S(Pm)

An aspect for computing gradients for the predicted param-
eters using this loss is the ability to compute derivatives for
zm given gradients for a sampled point on the canonical
untransformed primitive p0 ⇠ S(Pm). We do so by using
the re-parametrization trick [21] which decouples the pa-
rameters from the random sampling. As an example, con-
sider a point being sampled on a rectangle extending from
(�w,�h) to (w, h). Instead of sampling the x-coordinate
as x ⇠ [�w,w], one can use u ⇠ [�1, 1] and x = uw. This
re-parametrization of sampling allows one to compute @x

@w .
We provide the details for applying the re-parametrization
trick for a cuboid primitive in the supplementary.

3.3. Allowing Variable Number of Primitives

The framework we have presented so far reconstructs
each instance in an object category using exactly M primi-
tives. However, different instances in an object category can
be explained by different number of primitives e.g. some
chairs have handles, others don’t. To incorporate this, in
addition to predicting the shape and transformation of each
primitive, we also predict the probability of its existence
pm. We first discuss the modified representation predicted
by the CNN and discuss how the loss function can incorpo-
rate this.

Primitive Representation. As we mentioned above, the
primitive representation has an added parameter pm – the
probability of its existence. To incorporate this, we factor
the primitive shape zm into two components – (zsm, zem).
Here zsm represents the primitive’s dimensions (e.g. cuboid
height, width, depth) as before and zem ⇠ Bern(pm) is a
binary variable which denotes if the primitive actually ex-
ists i.e. if zem = 0 we pretend as if the mth primitive does
not exist. The prediction of the CNN in this scenario is as
below.

{(zsm, qm, tm, pm)|m = 1 · · ·M} = h✓(I) (8)
8m zem ⇠ Bern(pm); zm ⌘ (zsm, zem) (9)

Note that the CNN predicts pm – the parameter of the
Bernoulli distribution from which the part existence vari-
able zem is sampled. This representation allows the predic-
tion of a variable number of parts e.g. if a chair is best ex-
plained using k < M primitives, the network can predict a
high pm for only k primitives and a low pm for the remain-
ing M � k primitives.

Learning. Under the reformulated representation of
primitives, the CNN output does not induce a unique as-
sembled shape – it induces a distribution of possible shapes
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3.2.2CoverageLoss:O✓[
m

P̄m.

WewanttopenalizetheCNNpredictionifthetargetobject
Oisnotcompletelycoveredbythepredictedshape[

m
P̄m.

Asufficientconditiontoensurethisisthatthedistancefield
oftheassembledshapeevaluatestozeroforallpointson
thesurfaceofO.

L1({(zm,qm,tm)},O)=Ep⇠S(O)kC(p;[
m

P̄m)k2(3)

Computationcanbesimplifiedduetoanicepropertyof
distancefields.Itiseasytoshowthatthedistancefieldof
acomposedshapeequalstothepointwiseminimumofthe
distancefieldsofallcomposingshapes:

C(p;[
m

P̄m)=min
m

C(p;P̄m)(4)

Thisdecompositionruleboilsthedistancefieldofa
wholeshapedowntothedistancefieldofaprimitive.In
thefollowing,weshowhowtoefficientlycomputeCfor
primitivesascuboids.

DistancefieldofPrimitives.Givenanorigin-centred
cuboidrepresentedbyz⌘(w,h,d)–itsextentinthethree
dimensions,itsdistancefieldCcub(·;z)canbecomputed
asbelow(usingmax(0,x)⌘x+):

Ccub(p;z)2=(|px|�w)2++(|py|�h)2++(|pz|�d)2+

ConsideranobjectO(withanassociatedfieldC(·;O))
undergoingarotationR(parametrizedbyquaternionq)fol-
lowedbyatranslationt.Thedistancefieldatapointpw.r.t.
thetransformedobjectisthesameasthedistancefieldatp0
wrt.thecanonicalobjectwherep0=R�1(p�t).Thisob-
servationsallowsustocompletetheformulationbydefining
C(p;P̄m)(requiredinEq.4)asbelow.

C(p;P̄m)=C(p0,Pm);p0=R(T(p,�tm),q̄m)(5)
C(·;Pm)=Ccub(·,zm)(6)

3.2.3ConsistencyLoss:[
m

P̄m✓O.

WewanttopenalizetheCNNpredictionifthepredicted
shape[

m
P̄misnotcompletelyinsidethetargetobjectO.A

sufficientconditionistoensurethisisthatthedistancefield
oftheobjectOshapeevaluatestozeroforallpointsonthe
surfaceofindividualprimitivesP̄m.

L2({(zm,qm,tm)},O)=
X

m

Ep⇠S(¯Pm)kC(p;O)k2(7)

Additionally,weobservethattosampleapointpon
thesurfaceofP̄m,onecanequivalentlysamplep0onthe

surfaceoftheuntransformedprimitivePmandthenrotate,
translatep0accordingto(qm,zm).

p⇠S(¯Pm)⌘T(R(p0,qm),tm);p0⇠S(Pm)

Anaspectforcomputinggradientsforthepredictedparam-
etersusingthislossistheabilitytocomputederivativesfor
zmgivengradientsforasampledpointonthecanonical
untransformedprimitivep0⇠S(Pm).Wedosobyusing
there-parametrizationtrick[21]whichdecouplesthepa-
rametersfromtherandomsampling.Asanexample,con-
siderapointbeingsampledonarectangleextendingfrom
(�w,�h)to(w,h).Insteadofsamplingthex-coordinate
asx⇠[�w,w],onecanuseu⇠[�1,1]andx=uw.This
re-parametrizationofsamplingallowsonetocompute@x

@w.
Weprovidethedetailsforapplyingthere-parametrization
trickforacuboidprimitiveinthesupplementary.

3.3.AllowingVariableNumberofPrimitives

Theframeworkwehavepresentedsofarreconstructs
eachinstanceinanobjectcategoryusingexactlyMprimi-
tives.However,differentinstancesinanobjectcategorycan
beexplainedbydifferentnumberofprimitivese.g.some
chairshavehandles,othersdon’t.Toincorporatethis,in
additiontopredictingtheshapeandtransformationofeach
primitive,wealsopredicttheprobabilityofitsexistence
pm.Wefirstdiscussthemodifiedrepresentationpredicted
bytheCNNanddiscusshowthelossfunctioncanincorpo-
ratethis.

PrimitiveRepresentation.Aswementionedabove,the
primitiverepresentationhasanaddedparameterpm–the
probabilityofitsexistence.Toincorporatethis,wefactor
theprimitiveshapezmintotwocomponents–(zsm,zem).
Herezsmrepresentstheprimitive’sdimensions(e.g.cuboid
height,width,depth)asbeforeandzem⇠Bern(pm)isa
binaryvariablewhichdenotesiftheprimitiveactuallyex-
istsi.e.ifzem=0wepretendasifthemthprimitivedoes
notexist.ThepredictionoftheCNNinthisscenarioisas
below.

{(zsm,qm,tm,pm)|m=1···M}=h✓(I)(8)
8mzem⇠Bern(pm);zm⌘(zsm,zem)(9)

NotethattheCNNpredictspm–theparameterofthe
Bernoullidistributionfromwhichthepartexistencevari-
ablezemissampled.Thisrepresentationallowsthepredic-
tionofavariablenumberofpartse.g.ifachairisbestex-
plainedusingk<Mprimitives,thenetworkcanpredicta
highpmforonlykprimitivesandalowpmfortheremain-
ingM�kprimitives.

Learning.Underthereformulatedrepresentationof
primitives,theCNNoutputdoesnotinduceauniqueas-
sembledshape–itinducesadistributionofpossibleshapes
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3.2.2CoverageLoss:O✓[
m

P̄m.

WewanttopenalizetheCNNpredictionifthetargetobject
Oisnotcompletelycoveredbythepredictedshape[

m
P̄m.

Asufficientconditiontoensurethisisthatthedistancefield
oftheassembledshapeevaluatestozeroforallpointson
thesurfaceofO.

L1({(zm,qm,tm)},O)=Ep⇠S(O)kC(p;[
m

P̄m)k2(3)

Computationcanbesimplifiedduetoanicepropertyof
distancefields.Itiseasytoshowthatthedistancefieldof
acomposedshapeequalstothepointwiseminimumofthe
distancefieldsofallcomposingshapes:

C(p;[
m

P̄m)=min
m

C(p;P̄m)(4)

Thisdecompositionruleboilsthedistancefieldofa
wholeshapedowntothedistancefieldofaprimitive.In
thefollowing,weshowhowtoefficientlycomputeCfor
primitivesascuboids.

DistancefieldofPrimitives.Givenanorigin-centred
cuboidrepresentedbyz⌘(w,h,d)–itsextentinthethree
dimensions,itsdistancefieldCcub(·;z)canbecomputed
asbelow(usingmax(0,x)⌘x+):

Ccub(p;z)2=(|px|�w)2++(|py|�h)2++(|pz|�d)2+

ConsideranobjectO(withanassociatedfieldC(·;O))
undergoingarotationR(parametrizedbyquaternionq)fol-
lowedbyatranslationt.Thedistancefieldatapointpw.r.t.
thetransformedobjectisthesameasthedistancefieldatp0
wrt.thecanonicalobjectwherep0=R�1(p�t).Thisob-
servationsallowsustocompletetheformulationbydefining
C(p;P̄m)(requiredinEq.4)asbelow.

C(p;P̄m)=C(p0,Pm);p0=R(T(p,�tm),q̄m)(5)
C(·;Pm)=Ccub(·,zm)(6)

3.2.3ConsistencyLoss:[
m

P̄m✓O.

WewanttopenalizetheCNNpredictionifthepredicted
shape[

m
P̄misnotcompletelyinsidethetargetobjectO.A

sufficientconditionistoensurethisisthatthedistancefield
oftheobjectOshapeevaluatestozeroforallpointsonthe
surfaceofindividualprimitivesP̄m.

L2({(zm,qm,tm)},O)=
X

m

Ep⇠S(¯Pm)kC(p;O)k2(7)

Additionally,weobservethattosampleapointpon
thesurfaceofP̄m,onecanequivalentlysamplep0onthe

surfaceoftheuntransformedprimitivePmandthenrotate,
translatep0accordingto(qm,zm).

p⇠S(¯Pm)⌘T(R(p0,qm),tm);p0⇠S(Pm)

Anaspectforcomputinggradientsforthepredictedparam-
etersusingthislossistheabilitytocomputederivativesfor
zmgivengradientsforasampledpointonthecanonical
untransformedprimitivep0⇠S(Pm).Wedosobyusing
there-parametrizationtrick[21]whichdecouplesthepa-
rametersfromtherandomsampling.Asanexample,con-
siderapointbeingsampledonarectangleextendingfrom
(�w,�h)to(w,h).Insteadofsamplingthex-coordinate
asx⇠[�w,w],onecanuseu⇠[�1,1]andx=uw.This
re-parametrizationofsamplingallowsonetocompute@x

@w.
Weprovidethedetailsforapplyingthere-parametrization
trickforacuboidprimitiveinthesupplementary.

3.3.AllowingVariableNumberofPrimitives

Theframeworkwehavepresentedsofarreconstructs
eachinstanceinanobjectcategoryusingexactlyMprimi-
tives.However,differentinstancesinanobjectcategorycan
beexplainedbydifferentnumberofprimitivese.g.some
chairshavehandles,othersdon’t.Toincorporatethis,in
additiontopredictingtheshapeandtransformationofeach
primitive,wealsopredicttheprobabilityofitsexistence
pm.Wefirstdiscussthemodifiedrepresentationpredicted
bytheCNNanddiscusshowthelossfunctioncanincorpo-
ratethis.

PrimitiveRepresentation.Aswementionedabove,the
primitiverepresentationhasanaddedparameterpm–the
probabilityofitsexistence.Toincorporatethis,wefactor
theprimitiveshapezmintotwocomponents–(zsm,zem).
Herezsmrepresentstheprimitive’sdimensions(e.g.cuboid
height,width,depth)asbeforeandzem⇠Bern(pm)isa
binaryvariablewhichdenotesiftheprimitiveactuallyex-
istsi.e.ifzem=0wepretendasifthemthprimitivedoes
notexist.ThepredictionoftheCNNinthisscenarioisas
below.

{(zsm,qm,tm,pm)|m=1···M}=h✓(I)(8)
8mzem⇠Bern(pm);zm⌘(zsm,zem)(9)

NotethattheCNNpredictspm–theparameterofthe
Bernoullidistributionfromwhichthepartexistencevari-
ablezemissampled.Thisrepresentationallowsthepredic-
tionofavariablenumberofpartse.g.ifachairisbestex-
plainedusingk<Mprimitives,thenetworkcanpredicta
highpmforonlykprimitivesandalowpmfortheremain-
ingM�kprimitives.

Learning.Underthereformulatedrepresentationof
primitives,theCNNoutputdoesnotinduceauniqueas-
sembledshape–itinducesadistributionofpossibleshapes
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3.2.2CoverageLoss:O✓[
m

P̄m.

WewanttopenalizetheCNNpredictionifthetargetobject
Oisnotcompletelycoveredbythepredictedshape[

m
P̄m.

Asufficientconditiontoensurethisisthatthedistancefield
oftheassembledshapeevaluatestozeroforallpointson
thesurfaceofO.

L1({(zm,qm,tm)},O)=Ep⇠S(O)kC(p;[
m

P̄m)k2(3)

Computationcanbesimplifiedduetoanicepropertyof
distancefields.Itiseasytoshowthatthedistancefieldof
acomposedshapeequalstothepointwiseminimumofthe
distancefieldsofallcomposingshapes:

C(p;[
m

P̄m)=min
m

C(p;P̄m)(4)

Thisdecompositionruleboilsthedistancefieldofa
wholeshapedowntothedistancefieldofaprimitive.In
thefollowing,weshowhowtoefficientlycomputeCfor
primitivesascuboids.

DistancefieldofPrimitives.Givenanorigin-centred
cuboidrepresentedbyz⌘(w,h,d)–itsextentinthethree
dimensions,itsdistancefieldCcub(·;z)canbecomputed
asbelow(usingmax(0,x)⌘x+):

Ccub(p;z)2=(|px|�w)2++(|py|�h)2++(|pz|�d)2+

ConsideranobjectO(withanassociatedfieldC(·;O))
undergoingarotationR(parametrizedbyquaternionq)fol-
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shape[

m
P̄misnotcompletelyinsidethetargetobjectO.A

sufficientconditionistoensurethisisthatthedistancefield
oftheobjectOshapeevaluatestozeroforallpointsonthe
surfaceofindividualprimitivesP̄m.

L2({(zm,qm,tm)},O)=
X

m

Ep⇠S(¯Pm)kC(p;O)k2(7)
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p⇠S(¯Pm)⌘T(R(p0,qm),tm);p0⇠S(Pm)

Anaspectforcomputinggradientsforthepredictedparam-
etersusingthislossistheabilitytocomputederivativesfor
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untransformedprimitivep0⇠S(Pm).Wedosobyusing
there-parametrizationtrick[21]whichdecouplesthepa-
rametersfromtherandomsampling.Asanexample,con-
siderapointbeingsampledonarectangleextendingfrom
(�w,�h)to(w,h).Insteadofsamplingthex-coordinate
asx⇠[�w,w],onecanuseu⇠[�1,1]andx=uw.This
re-parametrizationofsamplingallowsonetocompute@x

@w.
Weprovidethedetailsforapplyingthere-parametrization
trickforacuboidprimitiveinthesupplementary.

3.3.AllowingVariableNumberofPrimitives

Theframeworkwehavepresentedsofarreconstructs
eachinstanceinanobjectcategoryusingexactlyMprimi-
tives.However,differentinstancesinanobjectcategorycan
beexplainedbydifferentnumberofprimitivese.g.some
chairshavehandles,othersdon’t.Toincorporatethis,in
additiontopredictingtheshapeandtransformationofeach
primitive,wealsopredicttheprobabilityofitsexistence
pm.Wefirstdiscussthemodifiedrepresentationpredicted
bytheCNNanddiscusshowthelossfunctioncanincorpo-
ratethis.

PrimitiveRepresentation.Aswementionedabove,the
primitiverepresentationhasanaddedparameterpm–the
probabilityofitsexistence.Toincorporatethis,wefactor
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plainedusingk<Mprimitives,thenetworkcanpredicta
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ingM�kprimitives.

Learning.Underthereformulatedrepresentationof
primitives,theCNNoutputdoesnotinduceauniqueas-
sembledshape–itinducesadistributionofpossibleshapes
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primitivesascuboids.

DistancefieldofPrimitives.Givenanorigin-centred
cuboidrepresentedbyz⌘(w,h,d)–itsextentinthethree
dimensions,itsdistancefieldCcub(·;z)canbecomputed
asbelow(usingmax(0,x)⌘x+):

Ccub(p;z)2=(|px|�w)2++(|py|�h)2++(|pz|�d)2+

ConsideranobjectO(withanassociatedfieldC(·;O))
undergoingarotationR(parametrizedbyquaternionq)fol-
lowedbyatranslationt.Thedistancefieldatapointpw.r.t.
thetransformedobjectisthesameasthedistancefieldatp0
wrt.thecanonicalobjectwherep0=R�1(p�t).Thisob-
servationsallowsustocompletetheformulationbydefining
C(p;P̄m)(requiredinEq.4)asbelow.

C(p;P̄m)=C(p0,Pm);p0=R(T(p,�tm),q̄m)(5)
C(·;Pm)=Ccub(·,zm)(6)

3.2.3ConsistencyLoss:[
m

P̄m✓O.

WewanttopenalizetheCNNpredictionifthepredicted
shape[

m
P̄misnotcompletelyinsidethetargetobjectO.A

sufficientconditionistoensurethisisthatthedistancefield
oftheobjectOshapeevaluatestozeroforallpointsonthe
surfaceofindividualprimitivesP̄m.

L2({(zm,qm,tm)},O)=
X

m

Ep⇠S(¯Pm)kC(p;O)k2(7)

Additionally,weobservethattosampleapointpon
thesurfaceofP̄m,onecanequivalentlysamplep0onthe

surfaceoftheuntransformedprimitivePmandthenrotate,
translatep0accordingto(qm,zm).

p⇠S(¯Pm)⌘T(R(p0,qm),tm);p0⇠S(Pm)

Anaspectforcomputinggradientsforthepredictedparam-
etersusingthislossistheabilitytocomputederivativesfor
zmgivengradientsforasampledpointonthecanonical
untransformedprimitivep0⇠S(Pm).Wedosobyusing
there-parametrizationtrick[21]whichdecouplesthepa-
rametersfromtherandomsampling.Asanexample,con-
siderapointbeingsampledonarectangleextendingfrom
(�w,�h)to(w,h).Insteadofsamplingthex-coordinate
asx⇠[�w,w],onecanuseu⇠[�1,1]andx=uw.This
re-parametrizationofsamplingallowsonetocompute@x

@w.
Weprovidethedetailsforapplyingthere-parametrization
trickforacuboidprimitiveinthesupplementary.

3.3.AllowingVariableNumberofPrimitives

Theframeworkwehavepresentedsofarreconstructs
eachinstanceinanobjectcategoryusingexactlyMprimi-
tives.However,differentinstancesinanobjectcategorycan
beexplainedbydifferentnumberofprimitivese.g.some
chairshavehandles,othersdon’t.Toincorporatethis,in
additiontopredictingtheshapeandtransformationofeach
primitive,wealsopredicttheprobabilityofitsexistence
pm.Wefirstdiscussthemodifiedrepresentationpredicted
bytheCNNanddiscusshowthelossfunctioncanincorpo-
ratethis.

PrimitiveRepresentation.Aswementionedabove,the
primitiverepresentationhasanaddedparameterpm–the
probabilityofitsexistence.Toincorporatethis,wefactor
theprimitiveshapezmintotwocomponents–(zsm,zem).
Herezsmrepresentstheprimitive’sdimensions(e.g.cuboid
height,width,depth)asbeforeandzem⇠Bern(pm)isa
binaryvariablewhichdenotesiftheprimitiveactuallyex-
istsi.e.ifzem=0wepretendasifthemthprimitivedoes
notexist.ThepredictionoftheCNNinthisscenarioisas
below.

{(zsm,qm,tm,pm)|m=1···M}=h✓(I)(8)
8mzem⇠Bern(pm);zm⌘(zsm,zem)(9)

NotethattheCNNpredictspm–theparameterofthe
Bernoullidistributionfromwhichthepartexistencevari-
ablezemissampled.Thisrepresentationallowsthepredic-
tionofavariablenumberofpartse.g.ifachairisbestex-
plainedusingk<Mprimitives,thenetworkcanpredicta
highpmforonlykprimitivesandalowpmfortheremain-
ingM�kprimitives.

Learning.Underthereformulatedrepresentationof
primitives,theCNNoutputdoesnotinduceauniqueas-
sembledshape–itinducesadistributionofpossibleshapes

4

324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

CVPR
#951

CVPR
#951

CVPR2017Submission#951.CONFIDENTIALREVIEWCOPY.DONOTDISTRIBUTE.

3.2.2CoverageLoss:O✓[
m

P̄m.

WewanttopenalizetheCNNpredictionifthetargetobject
Oisnotcompletelycoveredbythepredictedshape[

m
P̄m.

Asufficientconditiontoensurethisisthatthedistancefield
oftheassembledshapeevaluatestozeroforallpointson
thesurfaceofO.

L1({(zm,qm,tm)},O)=Ep⇠S(O)kC(p;[
m

P̄m)k2(3)

Computationcanbesimplifiedduetoanicepropertyof
distancefields.Itiseasytoshowthatthedistancefieldof
acomposedshapeequalstothepointwiseminimumofthe
distancefieldsofallcomposingshapes:

C(p;[
m

P̄m)=min
m

C(p;P̄m)(4)

Thisdecompositionruleboilsthedistancefieldofa
wholeshapedowntothedistancefieldofaprimitive.In
thefollowing,weshowhowtoefficientlycomputeCfor
primitivesascuboids.

DistancefieldofPrimitives.Givenanorigin-centred
cuboidrepresentedbyz⌘(w,h,d)–itsextentinthethree
dimensions,itsdistancefieldCcub(·;z)canbecomputed
asbelow(usingmax(0,x)⌘x+):

Ccub(p;z)2=(|px|�w)2++(|py|�h)2++(|pz|�d)2+

ConsideranobjectO(withanassociatedfieldC(·;O))
undergoingarotationR(parametrizedbyquaternionq)fol-
lowedbyatranslationt.Thedistancefieldatapointpw.r.t.
thetransformedobjectisthesameasthedistancefieldatp0
wrt.thecanonicalobjectwherep0=R�1(p�t).Thisob-
servationsallowsustocompletetheformulationbydefining
C(p;P̄m)(requiredinEq.4)asbelow.

C(p;P̄m)=C(p0,Pm);p0=R(T(p,�tm),q̄m)(5)
C(·;Pm)=Ccub(·,zm)(6)

3.2.3ConsistencyLoss:[
m

P̄m✓O.

WewanttopenalizetheCNNpredictionifthepredicted
shape[

m
P̄misnotcompletelyinsidethetargetobjectO.A

sufficientconditionistoensurethisisthatthedistancefield
oftheobjectOshapeevaluatestozeroforallpointsonthe
surfaceofindividualprimitivesP̄m.

L2({(zm,qm,tm)},O)=
X

m

Ep⇠S(¯Pm)kC(p;O)k2(7)

Additionally,weobservethattosampleapointpon
thesurfaceofP̄m,onecanequivalentlysamplep0onthe

surfaceoftheuntransformedprimitivePmandthenrotate,
translatep0accordingto(qm,zm).

p⇠S(¯Pm)⌘T(R(p0,qm),tm);p0⇠S(Pm)

Anaspectforcomputinggradientsforthepredictedparam-
etersusingthislossistheabilitytocomputederivativesfor
zmgivengradientsforasampledpointonthecanonical
untransformedprimitivep0⇠S(Pm).Wedosobyusing
there-parametrizationtrick[21]whichdecouplesthepa-
rametersfromtherandomsampling.Asanexample,con-
siderapointbeingsampledonarectangleextendingfrom
(�w,�h)to(w,h).Insteadofsamplingthex-coordinate
asx⇠[�w,w],onecanuseu⇠[�1,1]andx=uw.This
re-parametrizationofsamplingallowsonetocompute@x

@w.
Weprovidethedetailsforapplyingthere-parametrization
trickforacuboidprimitiveinthesupplementary.

3.3.AllowingVariableNumberofPrimitives

Theframeworkwehavepresentedsofarreconstructs
eachinstanceinanobjectcategoryusingexactlyMprimi-
tives.However,differentinstancesinanobjectcategorycan
beexplainedbydifferentnumberofprimitivese.g.some
chairshavehandles,othersdon’t.Toincorporatethis,in
additiontopredictingtheshapeandtransformationofeach
primitive,wealsopredicttheprobabilityofitsexistence
pm.Wefirstdiscussthemodifiedrepresentationpredicted
bytheCNNanddiscusshowthelossfunctioncanincorpo-
ratethis.

PrimitiveRepresentation.Aswementionedabove,the
primitiverepresentationhasanaddedparameterpm–the
probabilityofitsexistence.Toincorporatethis,wefactor
theprimitiveshapezmintotwocomponents–(zsm,zem).
Herezsmrepresentstheprimitive’sdimensions(e.g.cuboid
height,width,depth)asbeforeandzem⇠Bern(pm)isa
binaryvariablewhichdenotesiftheprimitiveactuallyex-
istsi.e.ifzem=0wepretendasifthemthprimitivedoes
notexist.ThepredictionoftheCNNinthisscenarioisas
below.

{(zsm,qm,tm,pm)|m=1···M}=h✓(I)(8)
8mzem⇠Bern(pm);zm⌘(zsm,zem)(9)

NotethattheCNNpredictspm–theparameterofthe
Bernoullidistributionfromwhichthepartexistencevari-
ablezemissampled.Thisrepresentationallowsthepredic-
tionofavariablenumberofpartse.g.ifachairisbestex-
plainedusingk<Mprimitives,thenetworkcanpredicta
highpmforonlykprimitivesandalowpmfortheremain-
ingM�kprimitives.

Learning.Underthereformulatedrepresentationof
primitives,theCNNoutputdoesnotinduceauniqueas-
sembledshape–itinducesadistributionofpossibleshapes

4

324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

CVPR
#951

CVPR
#951

CVPR2017Submission#951.CONFIDENTIALREVIEWCOPY.DONOTDISTRIBUTE.

3.2.2CoverageLoss:O✓[
m

P̄m.

WewanttopenalizetheCNNpredictionifthetargetobject
Oisnotcompletelycoveredbythepredictedshape[

m
P̄m.

Asufficientconditiontoensurethisisthatthedistancefield
oftheassembledshapeevaluatestozeroforallpointson
thesurfaceofO.

L1({(zm,qm,tm)},O)=Ep⇠S(O)kC(p;[
m

P̄m)k2(3)

Computationcanbesimplifiedduetoanicepropertyof
distancefields.Itiseasytoshowthatthedistancefieldof
acomposedshapeequalstothepointwiseminimumofthe
distancefieldsofallcomposingshapes:

C(p;[
m

P̄m)=min
m

C(p;P̄m)(4)

Thisdecompositionruleboilsthedistancefieldofa
wholeshapedowntothedistancefieldofaprimitive.In
thefollowing,weshowhowtoefficientlycomputeCfor
primitivesascuboids.

DistancefieldofPrimitives.Givenanorigin-centred
cuboidrepresentedbyz⌘(w,h,d)–itsextentinthethree
dimensions,itsdistancefieldCcub(·;z)canbecomputed
asbelow(usingmax(0,x)⌘x+):

Ccub(p;z)2=(|px|�w)2++(|py|�h)2++(|pz|�d)2+

ConsideranobjectO(withanassociatedfieldC(·;O))
undergoingarotationR(parametrizedbyquaternionq)fol-
lowedbyatranslationt.Thedistancefieldatapointpw.r.t.
thetransformedobjectisthesameasthedistancefieldatp0
wrt.thecanonicalobjectwherep0=R�1(p�t).Thisob-
servationsallowsustocompletetheformulationbydefining
C(p;P̄m)(requiredinEq.4)asbelow.

C(p;P̄m)=C(p0,Pm);p0=R(T(p,�tm),q̄m)(5)
C(·;Pm)=Ccub(·,zm)(6)

3.2.3ConsistencyLoss:[
m

P̄m✓O.

WewanttopenalizetheCNNpredictionifthepredicted
shape[

m
P̄misnotcompletelyinsidethetargetobjectO.A

sufficientconditionistoensurethisisthatthedistancefield
oftheobjectOshapeevaluatestozeroforallpointsonthe
surfaceofindividualprimitivesP̄m.

L2({(zm,qm,tm)},O)=
X

m

Ep⇠S(¯Pm)kC(p;O)k2(7)

Additionally,weobservethattosampleapointpon
thesurfaceofP̄m,onecanequivalentlysamplep0onthe

surfaceoftheuntransformedprimitivePmandthenrotate,
translatep0accordingto(qm,zm).

p⇠S(¯Pm)⌘T(R(p0,qm),tm);p0⇠S(Pm)

Anaspectforcomputinggradientsforthepredictedparam-
etersusingthislossistheabilitytocomputederivativesfor
zmgivengradientsforasampledpointonthecanonical
untransformedprimitivep0⇠S(Pm).Wedosobyusing
there-parametrizationtrick[21]whichdecouplesthepa-
rametersfromtherandomsampling.Asanexample,con-
siderapointbeingsampledonarectangleextendingfrom
(�w,�h)to(w,h).Insteadofsamplingthex-coordinate
asx⇠[�w,w],onecanuseu⇠[�1,1]andx=uw.This
re-parametrizationofsamplingallowsonetocompute@x

@w.
Weprovidethedetailsforapplyingthere-parametrization
trickforacuboidprimitiveinthesupplementary.

3.3.AllowingVariableNumberofPrimitives

Theframeworkwehavepresentedsofarreconstructs
eachinstanceinanobjectcategoryusingexactlyMprimi-
tives.However,differentinstancesinanobjectcategorycan
beexplainedbydifferentnumberofprimitivese.g.some
chairshavehandles,othersdon’t.Toincorporatethis,in
additiontopredictingtheshapeandtransformationofeach
primitive,wealsopredicttheprobabilityofitsexistence
pm.Wefirstdiscussthemodifiedrepresentationpredicted
bytheCNNanddiscusshowthelossfunctioncanincorpo-
ratethis.

PrimitiveRepresentation.Aswementionedabove,the
primitiverepresentationhasanaddedparameterpm–the
probabilityofitsexistence.Toincorporatethis,wefactor
theprimitiveshapezmintotwocomponents–(zsm,zem).
Herezsmrepresentstheprimitive’sdimensions(e.g.cuboid
height,width,depth)asbeforeandzem⇠Bern(pm)isa
binaryvariablewhichdenotesiftheprimitiveactuallyex-
istsi.e.ifzem=0wepretendasifthemthprimitivedoes
notexist.ThepredictionoftheCNNinthisscenarioisas
below.

{(zsm,qm,tm,pm)|m=1···M}=h✓(I)(8)
8mzem⇠Bern(pm);zm⌘(zsm,zem)(9)

NotethattheCNNpredictspm–theparameterofthe
Bernoullidistributionfromwhichthepartexistencevari-
ablezemissampled.Thisrepresentationallowsthepredic-
tionofavariablenumberofpartse.g.ifachairisbestex-
plainedusingk<Mprimitives,thenetworkcanpredicta
highpmforonlykprimitivesandalowpmfortheremain-
ingM�kprimitives.

Learning.Underthereformulatedrepresentationof
primitives,theCNNoutputdoesnotinduceauniqueas-
sembledshape–itinducesadistributionofpossibleshapes

4

324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

CVPR
#951

CVPR
#951

CVPR2017Submission#951.CONFIDENTIALREVIEWCOPY.DONOTDISTRIBUTE.

3.2.2CoverageLoss:O✓[
m

P̄m.

WewanttopenalizetheCNNpredictionifthetargetobject
Oisnotcompletelycoveredbythepredictedshape[

m
P̄m.

Asufficientconditiontoensurethisisthatthedistancefield
oftheassembledshapeevaluatestozeroforallpointson
thesurfaceofO.

L1({(zm,qm,tm)},O)=Ep⇠S(O)kC(p;[
m

P̄m)k2(3)

Computationcanbesimplifiedduetoanicepropertyof
distancefields.Itiseasytoshowthatthedistancefieldof
acomposedshapeequalstothepointwiseminimumofthe
distancefieldsofallcomposingshapes:

C(p;[
m

P̄m)=min
m

C(p;P̄m)(4)

Thisdecompositionruleboilsthedistancefieldofa
wholeshapedowntothedistancefieldofaprimitive.In
thefollowing,weshowhowtoefficientlycomputeCfor
primitivesascuboids.

DistancefieldofPrimitives.Givenanorigin-centred
cuboidrepresentedbyz⌘(w,h,d)–itsextentinthethree
dimensions,itsdistancefieldCcub(·;z)canbecomputed
asbelow(usingmax(0,x)⌘x+):

Ccub(p;z)2=(|px|�w)2++(|py|�h)2++(|pz|�d)2+

ConsideranobjectO(withanassociatedfieldC(·;O))
undergoingarotationR(parametrizedbyquaternionq)fol-
lowedbyatranslationt.Thedistancefieldatapointpw.r.t.
thetransformedobjectisthesameasthedistancefieldatp0
wrt.thecanonicalobjectwherep0=R�1(p�t).Thisob-
servationsallowsustocompletetheformulationbydefining
C(p;P̄m)(requiredinEq.4)asbelow.

C(p;P̄m)=C(p0,Pm);p0=R(T(p,�tm),q̄m)(5)
C(·;Pm)=Ccub(·,zm)(6)

3.2.3ConsistencyLoss:[
m

P̄m✓O.

WewanttopenalizetheCNNpredictionifthepredicted
shape[

m
P̄misnotcompletelyinsidethetargetobjectO.A

sufficientconditionistoensurethisisthatthedistancefield
oftheobjectOshapeevaluatestozeroforallpointsonthe
surfaceofindividualprimitivesP̄m.

L2({(zm,qm,tm)},O)=
X

m

Ep⇠S(¯Pm)kC(p;O)k2(7)

Additionally,weobservethattosampleapointpon
thesurfaceofP̄m,onecanequivalentlysamplep0onthe

surfaceoftheuntransformedprimitivePmandthenrotate,
translatep0accordingto(qm,zm).

p⇠S(¯Pm)⌘T(R(p0,qm),tm);p0⇠S(Pm)

Anaspectforcomputinggradientsforthepredictedparam-
etersusingthislossistheabilitytocomputederivativesfor
zmgivengradientsforasampledpointonthecanonical
untransformedprimitivep0⇠S(Pm).Wedosobyusing
there-parametrizationtrick[21]whichdecouplesthepa-
rametersfromtherandomsampling.Asanexample,con-
siderapointbeingsampledonarectangleextendingfrom
(�w,�h)to(w,h).Insteadofsamplingthex-coordinate
asx⇠[�w,w],onecanuseu⇠[�1,1]andx=uw.This
re-parametrizationofsamplingallowsonetocompute@x

@w.
Weprovidethedetailsforapplyingthere-parametrization
trickforacuboidprimitiveinthesupplementary.

3.3.AllowingVariableNumberofPrimitives

Theframeworkwehavepresentedsofarreconstructs
eachinstanceinanobjectcategoryusingexactlyMprimi-
tives.However,differentinstancesinanobjectcategorycan
beexplainedbydifferentnumberofprimitivese.g.some
chairshavehandles,othersdon’t.Toincorporatethis,in
additiontopredictingtheshapeandtransformationofeach
primitive,wealsopredicttheprobabilityofitsexistence
pm.Wefirstdiscussthemodifiedrepresentationpredicted
bytheCNNanddiscusshowthelossfunctioncanincorpo-
ratethis.

PrimitiveRepresentation.Aswementionedabove,the
primitiverepresentationhasanaddedparameterpm–the
probabilityofitsexistence.Toincorporatethis,wefactor
theprimitiveshapezmintotwocomponents–(zsm,zem).
Herezsmrepresentstheprimitive’sdimensions(e.g.cuboid
height,width,depth)asbeforeandzem⇠Bern(pm)isa
binaryvariablewhichdenotesiftheprimitiveactuallyex-
istsi.e.ifzem=0wepretendasifthemthprimitivedoes
notexist.ThepredictionoftheCNNinthisscenarioisas
below.

{(zsm,qm,tm,pm)|m=1···M}=h✓(I)(8)
8mzem⇠Bern(pm);zm⌘(zsm,zem)(9)

NotethattheCNNpredictspm–theparameterofthe
Bernoullidistributionfromwhichthepartexistencevari-
ablezemissampled.Thisrepresentationallowsthepredic-
tionofavariablenumberofpartse.g.ifachairisbestex-
plainedusingk<Mprimitives,thenetworkcanpredicta
highpmforonlykprimitivesandalowpmfortheremain-
ingM�kprimitives.

Learning.Underthereformulatedrepresentationof
primitives,theCNNoutputdoesnotinduceauniqueas-
sembledshape–itinducesadistributionofpossibleshapes

4

324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

CVPR
#951

CVPR
#951

CVPR2017Submission#951.CONFIDENTIALREVIEWCOPY.DONOTDISTRIBUTE.

3.2.2CoverageLoss:O✓[
m

P̄m.

WewanttopenalizetheCNNpredictionifthetargetobject
Oisnotcompletelycoveredbythepredictedshape[

m
P̄m.

Asufficientconditiontoensurethisisthatthedistancefield
oftheassembledshapeevaluatestozeroforallpointson
thesurfaceofO.

L1({(zm,qm,tm)},O)=Ep⇠S(O)kC(p;[
m

P̄m)k2(3)

Computationcanbesimplifiedduetoanicepropertyof
distancefields.Itiseasytoshowthatthedistancefieldof
acomposedshapeequalstothepointwiseminimumofthe
distancefieldsofallcomposingshapes:

C(p;[
m

P̄m)=min
m

C(p;P̄m)(4)

Thisdecompositionruleboilsthedistancefieldofa
wholeshapedowntothedistancefieldofaprimitive.In
thefollowing,weshowhowtoefficientlycomputeCfor
primitivesascuboids.

DistancefieldofPrimitives.Givenanorigin-centred
cuboidrepresentedbyz⌘(w,h,d)–itsextentinthethree
dimensions,itsdistancefieldCcub(·;z)canbecomputed
asbelow(usingmax(0,x)⌘x+):

Ccub(p;z)2=(|px|�w)2++(|py|�h)2++(|pz|�d)2+

ConsideranobjectO(withanassociatedfieldC(·;O))
undergoingarotationR(parametrizedbyquaternionq)fol-
lowedbyatranslationt.Thedistancefieldatapointpw.r.t.
thetransformedobjectisthesameasthedistancefieldatp0
wrt.thecanonicalobjectwherep0=R�1(p�t).Thisob-
servationsallowsustocompletetheformulationbydefining
C(p;P̄m)(requiredinEq.4)asbelow.

C(p;P̄m)=C(p0,Pm);p0=R(T(p,�tm),q̄m)(5)
C(·;Pm)=Ccub(·,zm)(6)

3.2.3ConsistencyLoss:[
m

P̄m✓O.

WewanttopenalizetheCNNpredictionifthepredicted
shape[

m
P̄misnotcompletelyinsidethetargetobjectO.A

sufficientconditionistoensurethisisthatthedistancefield
oftheobjectOshapeevaluatestozeroforallpointsonthe
surfaceofindividualprimitivesP̄m.

L2({(zm,qm,tm)},O)=
X

m

Ep⇠S(¯Pm)kC(p;O)k2(7)

Additionally,weobservethattosampleapointpon
thesurfaceofP̄m,onecanequivalentlysamplep0onthe

surfaceoftheuntransformedprimitivePmandthenrotate,
translatep0accordingto(qm,zm).

p⇠S(¯Pm)⌘T(R(p0,qm),tm);p0⇠S(Pm)

Anaspectforcomputinggradientsforthepredictedparam-
etersusingthislossistheabilitytocomputederivativesfor
zmgivengradientsforasampledpointonthecanonical
untransformedprimitivep0⇠S(Pm).Wedosobyusing
there-parametrizationtrick[21]whichdecouplesthepa-
rametersfromtherandomsampling.Asanexample,con-
siderapointbeingsampledonarectangleextendingfrom
(�w,�h)to(w,h).Insteadofsamplingthex-coordinate
asx⇠[�w,w],onecanuseu⇠[�1,1]andx=uw.This
re-parametrizationofsamplingallowsonetocompute@x

@w.
Weprovidethedetailsforapplyingthere-parametrization
trickforacuboidprimitiveinthesupplementary.

3.3.AllowingVariableNumberofPrimitives

Theframeworkwehavepresentedsofarreconstructs
eachinstanceinanobjectcategoryusingexactlyMprimi-
tives.However,differentinstancesinanobjectcategorycan
beexplainedbydifferentnumberofprimitivese.g.some
chairshavehandles,othersdon’t.Toincorporatethis,in
additiontopredictingtheshapeandtransformationofeach
primitive,wealsopredicttheprobabilityofitsexistence
pm.Wefirstdiscussthemodifiedrepresentationpredicted
bytheCNNanddiscusshowthelossfunctioncanincorpo-
ratethis.

PrimitiveRepresentation.Aswementionedabove,the
primitiverepresentationhasanaddedparameterpm–the
probabilityofitsexistence.Toincorporatethis,wefactor
theprimitiveshapezmintotwocomponents–(zsm,zem).
Herezsmrepresentstheprimitive’sdimensions(e.g.cuboid
height,width,depth)asbeforeandzem⇠Bern(pm)isa
binaryvariablewhichdenotesiftheprimitiveactuallyex-
istsi.e.ifzem=0wepretendasifthemthprimitivedoes
notexist.ThepredictionoftheCNNinthisscenarioisas
below.

{(zsm,qm,tm,pm)|m=1···M}=h✓(I)(8)
8mzem⇠Bern(pm);zm⌘(zsm,zem)(9)

NotethattheCNNpredictspm–theparameterofthe
Bernoullidistributionfromwhichthepartexistencevari-
ablezemissampled.Thisrepresentationallowsthepredic-
tionofavariablenumberofpartse.g.ifachairisbestex-
plainedusingk<Mprimitives,thenetworkcanpredicta
highpmforonlykprimitivesandalowpmfortheremain-
ingM�kprimitives.

Learning.Underthereformulatedrepresentationof
primitives,theCNNoutputdoesnotinduceauniqueas-
sembledshape–itinducesadistributionofpossibleshapes
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3.2.2 Coverage Loss : O ✓ [
m
P̄m .

We want to penalize the CNN prediction if the target object
O is not completely covered by the predicted shape [

m
P̄m.

A sufficient condition to ensure this is that the distance field
of the assembled shape evaluates to zero for all points on
the surface of O.

L1({(zm, qm, tm)}, O) = Ep⇠S(O)kC(p;[
m
P̄m)k2 (3)

Computation can be simplified due to a nice property of
distance fields. It is easy to show that the distance field of
a composed shape equals to the pointwise minimum of the
distance fields of all composing shapes:

C(p;[
m
P̄m) = min

m
C(p; P̄m) (4)

This decomposition rule boils the distance field of a
whole shape down to the distance field of a primitive. In
the following, we show how to efficiently compute C for
primitives as cuboids.

Distance field of Primitives. Given an origin-centred
cuboid represented by z ⌘ (w, h, d) – its extent in the three
dimensions, its distance field Ccub( · ; z) can be computed
as below (using max(0, x) ⌘ x+):

Ccub(p; z)2 = (|px|� w)2+ + (|py|� h)2+ + (|pz|� d)2+

Consider an object O (with an associated field C(·;O))
undergoing a rotation R (parametrized by quaternion q) fol-
lowed by a translation t. The distance field at a point p w.r.t.
the transformed object is the same as the distance field at p0
wrt. the canonical object where p0 = R�1(p� t). This ob-
servations allows us to complete the formulation by defining
C(p; P̄m) (required in Eq. 4) as below.

C(p; P̄m) = C(p0, Pm); p0 = R(T (p,�tm), q̄m) (5)
C(·;Pm) = Ccub(·, zm) (6)

3.2.3 Consistency Loss : [
m
P̄m ✓ O.

We want to penalize the CNN prediction if the predicted
shape [

m
P̄m is not completely inside the target object O. A

sufficient condition is to ensure this is that the distance field
of the object O shape evaluates to zero for all points on the
surface of individual primitives P̄m.

L2({(zm, qm, tm)}, O) =
X

m

Ep⇠S(P̄m)kC(p;O)k2 (7)

Additionally, we observe that to sample a point p on
the surface of P̄m, one can equivalently sample p0 on the

surface of the untransformed primitive Pm and then rotate,
translate p0 according to (qm, zm).

p ⇠ S(P̄m) ⌘ T (R(p0, qm), tm); p0 ⇠ S(Pm)

An aspect for computing gradients for the predicted param-
eters using this loss is the ability to compute derivatives for
zm given gradients for a sampled point on the canonical
untransformed primitive p0 ⇠ S(Pm). We do so by using
the re-parametrization trick [21] which decouples the pa-
rameters from the random sampling. As an example, con-
sider a point being sampled on a rectangle extending from
(�w,�h) to (w, h). Instead of sampling the x-coordinate
as x ⇠ [�w,w], one can use u ⇠ [�1, 1] and x = uw. This
re-parametrization of sampling allows one to compute @x

@w .
We provide the details for applying the re-parametrization
trick for a cuboid primitive in the supplementary.

3.3. Allowing Variable Number of Primitives

The framework we have presented so far reconstructs
each instance in an object category using exactly M primi-
tives. However, different instances in an object category can
be explained by different number of primitives e.g. some
chairs have handles, others don’t. To incorporate this, in
addition to predicting the shape and transformation of each
primitive, we also predict the probability of its existence
pm. We first discuss the modified representation predicted
by the CNN and discuss how the loss function can incorpo-
rate this.

Primitive Representation. As we mentioned above, the
primitive representation has an added parameter pm – the
probability of its existence. To incorporate this, we factor
the primitive shape zm into two components – (zsm, zem).
Here zsm represents the primitive’s dimensions (e.g. cuboid
height, width, depth) as before and zem ⇠ Bern(pm) is a
binary variable which denotes if the primitive actually ex-
ists i.e. if zem = 0 we pretend as if the mth primitive does
not exist. The prediction of the CNN in this scenario is as
below.

{(zsm, qm, tm, pm)|m = 1 · · ·M} = h✓(I) (8)
8m zem ⇠ Bern(pm); zm ⌘ (zsm, zem) (9)

Note that the CNN predicts pm – the parameter of the
Bernoulli distribution from which the part existence vari-
able zem is sampled. This representation allows the predic-
tion of a variable number of parts e.g. if a chair is best ex-
plained using k < M primitives, the network can predict a
high pm for only k primitives and a low pm for the remain-
ing M � k primitives.

Learning. Under the reformulated representation of
primitives, the CNN output does not induce a unique as-
sembled shape – it induces a distribution of possible shapes
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3.2.2 Coverage Loss : O ✓ [
m
P̄m .

We want to penalize the CNN prediction if the target object
O is not completely covered by the predicted shape [

m
P̄m.

A sufficient condition to ensure this is that the distance field
of the assembled shape evaluates to zero for all points on
the surface of O.

L1({(zm, qm, tm)}, O) = Ep⇠S(O)kC(p;[
m
P̄m)k2 (3)

Computation can be simplified due to a nice property of
distance fields. It is easy to show that the distance field of
a composed shape equals to the pointwise minimum of the
distance fields of all composing shapes:

C(p;[
m
P̄m) = min

m
C(p; P̄m) (4)

This decomposition rule boils the distance field of a
whole shape down to the distance field of a primitive. In
the following, we show how to efficiently compute C for
primitives as cuboids.

Distance field of Primitives. Given an origin-centred
cuboid represented by z ⌘ (w, h, d) – its extent in the three
dimensions, its distance field Ccub( · ; z) can be computed
as below (using max(0, x) ⌘ x+):

Ccub(p; z)2 = (|px|� w)2+ + (|py|� h)2+ + (|pz|� d)2+

Consider an object O (with an associated field C(·;O))
undergoing a rotation R (parametrized by quaternion q) fol-
lowed by a translation t. The distance field at a point p w.r.t.
the transformed object is the same as the distance field at p0
wrt. the canonical object where p0 = R�1(p� t). This ob-
servations allows us to complete the formulation by defining
C(p; P̄m) (required in Eq. 4) as below.

C(p; P̄m) = C(p0, Pm); p0 = R(T (p,�tm), q̄m) (5)
C(·;Pm) = Ccub(·, zm) (6)

3.2.3 Consistency Loss : [
m
P̄m ✓ O.

We want to penalize the CNN prediction if the predicted
shape [

m
P̄m is not completely inside the target object O. A

sufficient condition is to ensure this is that the distance field
of the object O shape evaluates to zero for all points on the
surface of individual primitives P̄m.

L2({(zm, qm, tm)}, O) =
X

m

Ep⇠S(P̄m)kC(p;O)k2 (7)

Additionally, we observe that to sample a point p on
the surface of P̄m, one can equivalently sample p0 on the

surface of the untransformed primitive Pm and then rotate,
translate p0 according to (qm, zm).

p ⇠ S(P̄m) ⌘ T (R(p0, qm), tm); p0 ⇠ S(Pm)

An aspect for computing gradients for the predicted param-
eters using this loss is the ability to compute derivatives for
zm given gradients for a sampled point on the canonical
untransformed primitive p0 ⇠ S(Pm). We do so by using
the re-parametrization trick [21] which decouples the pa-
rameters from the random sampling. As an example, con-
sider a point being sampled on a rectangle extending from
(�w,�h) to (w, h). Instead of sampling the x-coordinate
as x ⇠ [�w,w], one can use u ⇠ [�1, 1] and x = uw. This
re-parametrization of sampling allows one to compute @x

@w .
We provide the details for applying the re-parametrization
trick for a cuboid primitive in the supplementary.

3.3. Allowing Variable Number of Primitives

The framework we have presented so far reconstructs
each instance in an object category using exactly M primi-
tives. However, different instances in an object category can
be explained by different number of primitives e.g. some
chairs have handles, others don’t. To incorporate this, in
addition to predicting the shape and transformation of each
primitive, we also predict the probability of its existence
pm. We first discuss the modified representation predicted
by the CNN and discuss how the loss function can incorpo-
rate this.

Primitive Representation. As we mentioned above, the
primitive representation has an added parameter pm – the
probability of its existence. To incorporate this, we factor
the primitive shape zm into two components – (zsm, zem).
Here zsm represents the primitive’s dimensions (e.g. cuboid
height, width, depth) as before and zem ⇠ Bern(pm) is a
binary variable which denotes if the primitive actually ex-
ists i.e. if zem = 0 we pretend as if the mth primitive does
not exist. The prediction of the CNN in this scenario is as
below.

{(zsm, qm, tm, pm)|m = 1 · · ·M} = h✓(I) (8)
8m zem ⇠ Bern(pm); zm ⌘ (zsm, zem) (9)

Note that the CNN predicts pm – the parameter of the
Bernoulli distribution from which the part existence vari-
able zem is sampled. This representation allows the predic-
tion of a variable number of parts e.g. if a chair is best ex-
plained using k < M primitives, the network can predict a
high pm for only k primitives and a low pm for the remain-
ing M � k primitives.

Learning. Under the reformulated representation of
primitives, the CNN output does not induce a unique as-
sembled shape – it induces a distribution of possible shapes
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Size vs

Rotation vs

Existence	
Probability

vs

Position vs

a)	All	primitives																						b)	Chair	back,	seat	primitives													c)	Chair	back	orientation.

Unupervised	Parsing

Shape	Manipulation	

Interpretable	Shape	Similarity

Image	Based	Parsing

Predictions	after	every	10,000	iterations	(in	columns	2-6).	The	
last	column	shows	the	result	after	removing	redundant	parts.
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3.2.2 Coverage Loss : O ✓ [
m
P̄m .

We want to penalize the CNN prediction if the target object
O is not completely covered by the predicted shape [

m
P̄m.

A sufficient condition to ensure this is that the distance field
of the assembled shape evaluates to zero for all points on
the surface of O.

L1({(zm, qm, tm)}, O) = Ep⇠S(O)kC(p;[
m
P̄m)k2 (3)

Computation can be simplified due to a nice property of
distance fields. It is easy to show that the distance field of
a composed shape equals to the pointwise minimum of the
distance fields of all composing shapes:

C(p;[
m
P̄m) = min

m
C(p; P̄m) (4)

This decomposition rule boils the distance field of a
whole shape down to the distance field of a primitive. In
the following, we show how to efficiently compute C for
primitives as cuboids.

Distance field of Primitives. Given an origin-centred
cuboid represented by z ⌘ (w, h, d) – its extent in the three
dimensions, its distance field Ccub( · ; z) can be computed
as below (using max(0, x) ⌘ x+):

Ccub(p; z)2 = (|px|� w)2+ + (|py|� h)2+ + (|pz|� d)2+

Consider an object O (with an associated field C(·;O))
undergoing a rotation R (parametrized by quaternion q) fol-
lowed by a translation t. The distance field at a point p w.r.t.
the transformed object is the same as the distance field at p0
wrt. the canonical object where p0 = R�1(p� t). This ob-
servations allows us to complete the formulation by defining
C(p; P̄m) (required in Eq. 4) as below.

C(p; P̄m) = C(p0, Pm); p0 = R(T (p,�tm), q̄m) (5)
C(·;Pm) = Ccub(·, zm) (6)

3.2.3 Consistency Loss : [
m
P̄m ✓ O.

We want to penalize the CNN prediction if the predicted
shape [

m
P̄m is not completely inside the target object O. A

sufficient condition is to ensure this is that the distance field
of the object O shape evaluates to zero for all points on the
surface of individual primitives P̄m.

L2({(zm, qm, tm)}, O) =
X

m

Ep⇠S(P̄m)kC(p;O)k2 (7)

Additionally, we observe that to sample a point p on
the surface of P̄m, one can equivalently sample p0 on the

surface of the untransformed primitive Pm and then rotate,
translate p0 according to (qm, zm).

p ⇠ S(P̄m) ⌘ T (R(p0, qm), tm); p0 ⇠ S(Pm)

An aspect for computing gradients for the predicted param-
eters using this loss is the ability to compute derivatives for
zm given gradients for a sampled point on the canonical
untransformed primitive p0 ⇠ S(Pm). We do so by using
the re-parametrization trick [21] which decouples the pa-
rameters from the random sampling. As an example, con-
sider a point being sampled on a rectangle extending from
(�w,�h) to (w, h). Instead of sampling the x-coordinate
as x ⇠ [�w,w], one can use u ⇠ [�1, 1] and x = uw. This
re-parametrization of sampling allows one to compute @x

@w .
We provide the details for applying the re-parametrization
trick for a cuboid primitive in the supplementary.

3.3. Allowing Variable Number of Primitives

The framework we have presented so far reconstructs
each instance in an object category using exactly M primi-
tives. However, different instances in an object category can
be explained by different number of primitives e.g. some
chairs have handles, others don’t. To incorporate this, in
addition to predicting the shape and transformation of each
primitive, we also predict the probability of its existence
pm. We first discuss the modified representation predicted
by the CNN and discuss how the loss function can incorpo-
rate this.

Primitive Representation. As we mentioned above, the
primitive representation has an added parameter pm – the
probability of its existence. To incorporate this, we factor
the primitive shape zm into two components – (zsm, zem).
Here zsm represents the primitive’s dimensions (e.g. cuboid
height, width, depth) as before and zem ⇠ Bern(pm) is a
binary variable which denotes if the primitive actually ex-
ists i.e. if zem = 0 we pretend as if the mth primitive does
not exist. The prediction of the CNN in this scenario is as
below.

{(zsm, qm, tm, pm)|m = 1 · · ·M} = h✓(I) (8)
8m zem ⇠ Bern(pm); zm ⌘ (zsm, zem) (9)

Note that the CNN predicts pm – the parameter of the
Bernoulli distribution from which the part existence vari-
able zem is sampled. This representation allows the predic-
tion of a variable number of parts e.g. if a chair is best ex-
plained using k < M primitives, the network can predict a
high pm for only k primitives and a low pm for the remain-
ing M � k primitives.

Learning. Under the reformulated representation of
primitives, the CNN output does not induce a unique as-
sembled shape – it induces a distribution of possible shapes
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We	want	the	obtained	abstraction	to	explain	the	corresponding	shape	(coverage	and	consistency	loss)	as	well	as	be	
parsimonious	(reward	for	using	fewer	primitives)

Shape	Collection Unsupervised	Consistent	Shape	Abstractions
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shubhtuls.github.io/volumetricPrimitives/


