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Abstract
This paper explores how qualitative spatial reason-
ing can be used to solve Shepard–Metzler-style ro-
tation problems. We combine two qualitative mod-
els: a qualitative 3D perspective model (Q3D), which
represents objects through symbolic depth descrip-
tions from multiple orthographic views, and a qual-
itative rotation model (QOR), which captures how
these descriptions transform under rotations in three-
dimensional space. This makes it possible to com-
pare two block-based objects by determining whether
one can be transformed into the other through a
valid sequence of qualitative rotations. Together, the
two models provide a symbolic framework for rep-
resenting spatial structure, reasoning across perspec-
tives, and identifying object equivalence under rota-
tion, while also making explicit the qualitative trans-
formations involved in mental rotation.

1 Introduction
Qualitative Spatial and Temporal Representations and Reason-
ing (QSTR) [Cohn and Renz, 2007; Ligozat, 2011; Sioutis and
Wolter, 2021] provides symbolic models for reasoning about
spatial and temporal information when precise metric data are
unavailable, unnecessary, or cognitively less appropriate. In-
stead of representing space through numerical coordinates, qual-
itative models describe relations such as topology, direction, ori-
entation, proximity, intersection and relative position. These
representations have been successfully applied in several areas,
including robotics [Mast et al., 2016; Falomir et al., 2011, 2013],
computer vision [Suchan, 2022], ambient intelligence [Falomir
and Olteţeanu, 2015], architecture and design [Li and Schultz,
2024; Bhatt and Freksa, 2015], geographic information systems
[Wei et al., 2024; Clementini and Cohn, 2024; Moratz et al.,
2025], safety analysis [Grigoleit et al., 2017], autonomous driv-
ing [Monsen et al., 2025] and education [Kragten et al., 2024;
Santamarta et al., 2023]. The most relevant calculi in QSR was
reported by Dylla et al. [2017].

A relevant feature of qualitative spatial representations is that
they are close to the way humans often describe and reason
about space. They make it possible to abstract away from ex-
act measurements, while preserving the spatial distinctions that
are important for the task. This connection with human spatial
cognition has motivated the use of qualitative models in sketch
recognition [Lovett et al., 2006], visual problem solving [Lovett
and Forbus, 2011], paper folding reasoning tests [Falomir, 2016;
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Falomir et al., 2021], analogy in Raven’s Progressive Matri-
ces [Lovett and Forbus, 2017], logic composition of qualita-
tive shapes when solving cognitive tests [Falomir et al., 2020;
Pich and Falomir, 2018], modeling 2D spatial abstraction during
mental rotation tasks [Lovett and Schultheis, 2014], and reason-
ing about support and stability in educative games [Jaiswal and
Falomir, 2026].

This paper integrates the Qualitative 3D depth model (Q3D)
[Ejarque and Falomir, 2026; Falomir, 2015; Falomir and Oliver,
2016] with the Qualitative Object Rotation (QOR) model
Falomir and Costa [2025]; Falomir [2026]; Falomir et al. [2026]
in order to infer rotations in 3D objects similar to those presented
by Shepard-Metzler metal rotation tasks [Shepard and Metzler,
1971]. The Q3D model represents an object through sym-
bolic depth matrices associated with orthographic views such as
Front, Right, and Up. In this paper, we use complete six-face
Q3D states, including Front, Back, Left, Right, Up, and
Down, so that rotations can be applied consistently even when
some faces are not visible in the test item.

The contribution of this paper is threefold. First, it shows
how Q3D depth descriptions can be transformed under quali-
tative rotation while remaining in the same symbolic represen-
tation. Second, it formulates rotation identification as a finite
graph-search problem over complete Q3D states, while allowing
object matching through partial visible views. Third, it provides
an interpretable output in the form of a shortest qualitative rota-
tion path, which can be understood as a symbolic explanation of
the mental rotation.

The rest of the paper is organized as follows. Section 2 intro-
duces the Shepard-Metzler mental rotation task and reformulates
it as a qualitative transformation problem. Section 3.1 presents
the Q3D depth model used to describe three-dimensional objects
through symbolic depth matrices. Section 4 describes the quali-
tative rotation operators and the graph-based method for identi-
fying rotated objects from depth matrices. Section 5 reports the
results of the rotation generation and sequence recovery experi-
ments. Finally, Section 6 discusses limitations and future work.

2 The problem: the Shepard and Metzler test
The Shepard-Metzler mental rotation test [Shepard and Metzler,
1971] is a classical spatial reasoning task in which participants
compare two three-dimensional objects and decide whether they
depict the same object under rotation or correspond to a different
one. The objects are usually composed of connected cube-like
blocks, which allow for simplicity but also non-trivial configu-
rations. The task requires reasoning about the transformations
that preserve the structure of the object.

Mental rotation is especially relevant because it requires iden-
tifying whether two perceived objects correspond to the same



Figure 1: Shepard–Metzler test item: original object on the
left and transformed candidate on the right. (Image by Jennifer
Oneske, Creative Commons CC0 License).

three-dimensional structure under a change of orientation.
From the perspective of qualitative spatial reasoning, the task

can be reformulated as: Given two qualitative descriptions of
three-dimensional objects, we ask whether there exists a se-
quence of valid rotations that transforms the first description into
the second.

O1 ” O2 iff Dρ1, . . . ,ρn such that ρnp¨ ¨ ¨ρ1pO1qq “ O2.

Here, each ρi denotes a qualitative rotation operator. The cen-
tral problem is therefore to represent the object in a form that
supports rotation, comparison, and explanation.

This paper focuses on Shepard-Metzler-style objects repre-
sented through Q3D depth descriptions. Instead of using metric
coordinates or rendered images, each object is encoded by qual-
itative depth matrices associated with its canonical views. This
allows the mental rotation problem to be treated as a symbolic
transformation problem: the model generates rotated Q3D states
and checks whether one of them matches the candidate object.
This formulation makes explicit which spatial transformations
are involved in solving a rotation item. Rather than returning
only a binary answer, the model can also return the sequence
of qualitative rotations that connects the reference object to the
candidate.

In the following sections, we use this task as a test case for
combining Q3D object descriptions with qualitative rotation op-
erators. The goal is not to simulate continuous mental imagery,
but to show that a symbolic qualitative model can represent the
relevant spatial structure, transform it under rotation, and iden-
tify object equivalence through an interpretable rotation path.

3 Preliminaries
3.1 The Qualitative 3D depth model (Q3D)
When reasoning about real objects in space, humans naturally
think in terms of three-dimensional volumes and multiple per-
spectives. The Q3D model [Falomir, 2015; Falomir and Oliver,
2016] formalises this intuition by encoding orthographic projec-
tions through symbolic depth values rather than numeric mea-
surements. The Q3D depth Descriptor of an object is defined by
three views:

Q3DRS “ tF,R,U PView | Q3DmatrixĎ Ndepthsu

Ndepths “ ta,b,c,d, ¨ ¨ ¨ ,˚u

such that,

viewpF,Ob ject,H,W,Q3DmatrixpH,W qq,
viewpR,Ob ject,H,L,Q3DmatrixpH,Lqq,

viewpU,Ob ject,L,W,Q3DmatrixpL,W qq.

where F , R, and U denote the Front, Right, and Up perspec-
tives, while H, W , and L represent the height (H), width (W),

and length (L) of the object’s bounding box. Each matrix entry
belongs to the symbolic set:

Q3DmatrixpD1,D2q Ď ta,b,c,d, . . . ,˚u.
where D1 and D2 are the dimensions of the matrix (i.e. pairs of
3D dimensions: H, W and H, L and L, W ) and the elements of
each matrix describe ordinal depth layers composed of equally
sized volumetric units: a denotes the surface of the object, b
the first level of depth (one unit removed), c the second level of
depth (two units of volume removed), d the third level of depth
(three units of volume removed) and so on. The symbol ˚ indi-
cates that all volumes along a depth column have been removed,
so there is a hole. These symbols encode relative ordering rather
than metric distance.

Figure 2 presents an object described by the Q3D where vol-
umes of a specific size produced a 3ˆ3ˆ3 grid with volumet-
ric features for the Front, Right, and Up sides. Note that
another volumetric size could have been used producing other
dimensions for the object descriptor (e.g. 6ˆ6ˆ6).

Q3D descriptor for this
3x3x3 object:

Front Right Up
rb,c,cs r˚,c,as ra,a,as

ra,b,cs rc,b,as ra,b,cs

ra,a,as ra,a,as rb,c,cs

Logically as Prolog facts:

viewp f ront,ob j,3,3, rrb,c,cs, ra,b,cs, ra,a,assq.
viewpright,ob j,3,3, rr˚,c,as, rc,b,as, ra,a,assq.
viewpup,ob j,3,3, rra,a,as, ra,b,cs, rb,c,cssq.

Figure 2: Example of (a) an object observed from Front,
Right, and Up sides; (b) an intuitive representation of the Q3D
descriptor; (c) the logic facts produced by the Q3D descriptor
for this specific object.

Consistency Checking across Views Beyond representation,
Q3D imposes geometric compatibility constraints between
views. A Q3D description is consistent [Falomir, 2015] if
all pairwise projections can be jointly realised as orthographic
views of a single three-dimensional object:

consistent Q3DpF,R,Uq Ø consistent perspectivepF,Rq ^
consistent perspectivepF,Uq ^
consistent perspectivepR,Uq.

Intuitively, two views are consistent if there exists (at least)
a 3D arrangement of volumetric blocks whose projections si-
multaneously satisfy the qualitative depth relations encoded in
both views. Thus, Front –Right consistency requires that the
volume values in last column of the Front view are consistent
with the depth columns of the Right view, since they meet in
an object edge and therefore these volumes are the same seen
from both views. Front – Right consistency implies Right
–Front consistency, which is defined as:

Fi,3paq Ø Rk,1paq
Fi,3pbq Ø Rk,2paq^pRk,1pbq_Rk,1pcq_Rk,1p˚qq

Fi,3pcq Ø Rk,3paq^pRk,1pbq_Rk,1pcq_Rk,1p˚qq^

pRk,2pbq_Rk,2pcq_Rk,2p˚qq

Fi,3p˚q Ø ␣Ri,kpaq
where @k, i P t1,2,3u. Similarly, Front – Up consistency and
Right – Up consistency are defined.



Inference of Depth Values in Occluded Object Sides The
Q3D model also provided deterministic rules for inferring depth
values in the occluded sides of an object: Back, Left, and
Down. For that, these rules exploit space continuity and depth
interrelations. For example, Front and Back are opposite
sites, if the Q3D include an item indicating the last level of depth
in a view (e.g., level c in Front in an object of 3ˆ3ˆ3 dimen-
sion), that involves the existence of the first level of depth (a) in
the opposite view, that is Back. The same interrelations appear
in opposite Right and Left sides and in Up and Down. Re-
garding space continuity, the case of holes involves that symbols
(˚) propagate from-to opposite sides of an object.

In summary, the Q3D depth model introduced: (i) a sym-
bolic volumetric representation, (ii) cross-view consistency con-
straints, and (iii) inference mechanisms based on space conti-
nuity (e.g. hole continuity) and interrelations (e.g. depth rela-
tivity). It successfully showed that spatial structure and depth
relations can be inferred from complementing perspectives. The
Q3D reasoning model was implemented and tested in a SWI-
Prolog application using 3×3×3 objects Falomir [2015] and then
it was implemented in a videogame [Falomir and Oliver, 2016]
with the goal of training players’ spatial reasoning skills.

3.2 The Qualitative Object Rotations model (QOR)
The Qualitative Model of Object Rotation (QOR) [Falomir et al.,
2026] formalizes the relationship between an object perspectives
and how they evolve during manipulation. To achieve this, the
model relies on two main components: the Qualitative Object
Descriptor (QOD) [Falomir and Costa, 2025], and the Rotation
Reference System (QORRS) which defines the rotation move-
ments that can be applied to a QOD, determining how the ob-
ject features change their location and orientation from the ob-
server’s point of view.

QOR“ xQODRS,QORRSy,

where the QODRS describes an object O (or its associated bound-
ing box) which has 6 canonical sides parallel in pairs, and
viewOxyz is the view of that object O defined by 3 sides px,y,zq
perpendicular to each other. Each side is characterized by a fea-
ture (content), a location and an orientation. The type of fea-
tures can vary from a simple symbol to an image/texture or a
range of depths depending on the pattern recognition techniques
used (e.g. pixels in a digital image).
The Qualitative Object Descriptor (QOD) provides a de-
scription of any three-dimensional object by embedding it within
a conceptual bounding box. A view of an object is derived from
a set of three single-side descriptors tQODx,QODy,QODzu, as
follows:

viewpSceneID,Ob jectID,Perspectivexyzq Ð
tQODx,QODy,QODzu.

Each side of each object is characterized by features (pixels,
voxels, symbols, etc.) which are spatially described by its
location and its orientation reference systems (RS).

sidepScn,Ob j,LocationRS,FeatureRS,OrientationRSq.

where
LocationRS “ xpx,y,zq,LocationN ,LocationGy

LocationN P tF,R,U,D,B,Lu
LocationG “ tx,y,z | x K y,y K z,x K zu
where F is front, R is right, U is up, D is down, B is back, L is
left, and px,y,zq indicates coordinates in space which represents
the planes defining the object bounding box.

Table 1: LocationRS definition for a bounding box of volume 3.
LocationN px,y,zq LocationG

F front px,y,3q plane z “ 3
B back px,y,0q plane z “ 0
R right p3,y,zq plane x “ 3
L left p0,y,zq plane x “ 0
U up px,3,zq plane y “ 3
D up px,0,zq plane y “ 0

OrientationRS “ xOA,OGy

defined as follows:
OA P t0q,1q,2q,3q, non-orientedu
OG2 P t0

˝,90˝,180˝,270˝,anyu
OR P {+q, +2q, -2q, -q, same}
OG2 P { +90˝, +180˝, -180˝, -90˝, 0}

where OrientationA refers to the set of concepts that define an
absolute orientation, e.g. “turned a quarter clockwise (1q)”; and
OrientationG1 refers to the geometric counterpart, that is, the
turning angle clockwise in degrees (˝) which is incrementing
in steps of 90˝, OrientationR refers to the concepts that define
relative orientation, e.g. “orientation increased a quarter (+q)”
and OrientationG1 define the corresponding increasing turning
angles.

FeatureRS “ xFeatureD,FeatureNy

where FeatureD refers to raw data from sensory input, such as
a set of pixels for a symbol or voxels for depth, and FeatureN
is the symbolic concept assigned to that raw data. The mapping
from FeatureD to FeatureN is achieved through an external ab-
straction process, either via manual annotation or automated per-
ception mechanisms (e.g., computer vision classifiers), which
explicitly grounds the qualitative symbols to the physical world.

In this paper, the features describing our objects are volumes
described by the Q3DRS.

FeatureRS “ xQ3DRSy

Next, the Qualitative Object Rotation (QOR) completes the
QOD descriptor by defining rotation actions.
The Qualitative Object Rotation (QOR) model relates
rotation labels (RotationN) and their geometric definitions
(RotationG,Axis). It is formalized as the relation:

rotationpRotationN ,RotationG,Axisq
where the Axes are defined by the lines passing through the cen-
troids of opposite object sides (see Figure 3), following the stan-
dard Euler definition relative to the object’s centroid. RotationG
specifies the rotation angle in discrete 90˝ increments, and
RotationN assigns a qualitative label to the action. Table 2 de-
scribes the minimal QOR rotations.

y

x
z

B
F

↷↶ D

U

↶
↶

L R ↶↶

Figure 3: Operators for QOR depending on 3 axes (x,y,z) in two
possible directions: axis front-back (fl,z); axis up-down (ud,y),
and axis right-left (rl,x).



Table 2: QORRS specification. An icon representation using ar-
rows has been used for increasing the readability of this paper.

Icon rotation(RotationN , RotationG, Axis).
↑ rotation(towards-up, 270, x).
↓ rotation(towards-down, 90, x).
← rotation(towards-left, 270, y).
→ rotation(towards-right, 90, y).
↷ rotation(towards-up-right, 270, z).
↶ rotation(towards-up-left, 90, z).

Table 3: Inference table which relates the initial location and
the final location of a feature with the corresponding rotation
movement and the final relative orientation.

from/to front back up down right left

front ↷`q

_↶´q ↑ ↓ → ←

up ↓ ↑2q Ñ´q

_Ð`q ↷`q ↶´q

down ↑ ↓2q Ñ`q

_Ð´q ↶´q ↷`q

right ← → ↶´q ↷`q Ò`q

_Ó´q

left → ← ↷`q ↶`q Ò´q

_Ó`q

back ↶`q

_↷´q ↓2q ↑2q ← →

Location and Orientation change. By observing the relation
between a rotation action and: (i) the changing location and (ii)
the relative orientation changes, a new inference table can be
built and it is shown by Table 3) where the leftmost column
presents the initial feature location, while the top row presents
the final location. The intersection cell specifies the rotation
(RotationN) required to perform this transformation according
to QORRS specification (Table 2). The superscript ∆O added to
Rotation∆O

N in Table 3 specifies the relative orientation change
applied to the feature during movement. The absence of a su-
perscript implies that the orientation of the feature remains the
same. Empty cells indicate that QOR rotation cannot directly
move a feature from the starting location to the ending location
(e.g. between opposite sides).

4 Method: Mixing Q3D+QOR for Rotation
Inference and Face Transformation

4.1 Problem Representation
We represent each object as a discrete 3D structure with six ori-
ented faces: Front, Back, Left, Right, Up, and Down. Each face
is encoded as a depth matrix, so the object preserves both its
global spatial structure and the local depth pattern on each face.

This representation is appropriate because a rotation acts as
two levels. First, it permutes which face occupies each spatial
position in the object. Second, it may reorient the depth ma-
trix associated with a face, even when the face remains in the
same relative location. As a result, the state of the object after
rotation is determined by both face relocation and in-plane ma-
trix transformation. This separation is the key abstraction used
throughout the method: the object is treated as a structured set
of depth matrices, and every transformation is defined in terms
of how those matrices move and how they are rotated internally.

4.2 Applying Rotations to Q3D Model
A rotations is represented as a transformation of a complete six-
face state. In our implementation, each rotation is specified by

a declarative rule indicating three pieces of information: the
source face, the transformation that must be applied, and the
target face. Then, a rotation is not encoded as a numerical oper-
ation over 3D coordinates, but as a symbolic transformation over
Q3D depth maps. The possible transformations of a face matrix
are:

none, rotcw
90 , rotccw

90 , rot180.

These transformations only change the position of the sym-
bols inside the matrix. They do not change the symbols them-
selves. Therefore, a cell labeled a, b, c, or ˚ preserves its quali-
tative depth meaning after the rotation.

The rotation model Falomir [2026] distinguishes between ro-
tations around different object axes. Pitch rotations, denoted
here as rotations towards up and towards down, affect the
vertical arrangement of the object. For instance, in a rotation
towards up, the faces move according to the following quali-
tative correspondence:

F ÑU, U Ñ B, BÑ D, DÑ F.

Yaw rotations, denoted as towards left and
towards right, affect the horizontal arrangement of
the object. For a rotation towards left, the visible side
faces are reassigned as:

RÑ F, F Ñ L, LÑ B, BÑ R.

Figure 4: Schematic effect of viewpoint-changing rotation on a
Q3D object.

The implementation also considers in-plane rotations (Roll),
corresponding to quarter turns around the observer’s view-
ing axis. These are denoted as towards-up-right and
towards-up-left. In such rotations, the Front and Back
faces remain in their positions and their matrices rotate in place,
while the surrounding faces cycle around them (towards-up-
right):

U Ñ RÑ DÑ LÑU
for one direction, and the inverse cycle for the other. This allows
the model to capture rotations that do not change which face is
frontal, but do change the orientation of the object within the
image plane.

This preserves the qualitative character of the representation.
The method does not reconstruct a metric 3D model and rotate
it geometrically. Instead, it reasons directly over Q3D descrip-
tions: rotations are computed by relocating symbolic depth maps



Figure 5: Schematic effect of in-plane rotation on a Q3D object.

and reindexing their matrix positions. As a result, the trans-
formed object remains expressed in the same qualitative lan-
guage as the original object, which allows rotated states to be
compared directly with other Q3D descriptions.

4.3 Rotation Identification from Depth Matrices
Once rotations can be applied to Q3D states, the next problem
is to identify whether two qualitative descriptions correspond to
the same object under rotation. We formulate this as a search
over a finite rotation graph. Each node in this graph is a com-
plete six-face Q3D state, and each directed edge corresponds
to one elementary rotation. In the current implementation,
the considered rotations are towards up, towards down,
towards left, towards right, towards-up-right,
and towards-up-left.

The graph is generated from the initial object by repeatedly
applying all available rotations to every newly discovered state.
Whenever a new six-face configuration is produced, it is added
as a node. If the same configuration has already been reached
through another sequence, it is not expanded again. This pro-
duces the finite set of reachable orientations for the object, to-
gether with the rotation labels that connect them.

The order and size of this graph are bounded by the number of
rigid orientations of a cube. A complete orientation can be spec-
ified by choosing which of the six faces is in the front position
and, once this is fixed, which of the four remaining side faces
is in the up position. This means that an asymmetric object has
at most 6 ¨ 4 “ 24 distinct orientation states, so the graph order
is |V | ď 24. Since the implementation applies the six elemen-
tary rotation operators from every discovered node, the graph
has six directed labelled outgoing transitions per node. There-
fore, its size is |E| “ 6|V |, and in the generic asymmetric case
|E| “ 6 ¨24“ 144.

The comparison between objects can then be performed at two
levels. The rotation graph is constructed using the complete six-
face state, because the hidden faces are needed to apply rotations
consistently. However, the matching step can be restricted to the
visible perspectives used in the test item. In our case, we use the
Front, Right, and Up views, abbreviated as FRU. So, two
states are considered observationally equivalent when their FRU
signatures coincide (FRUpSiq “ FRUpS jq).

This distinction is important for modelling mental rotation
tests. A participant is normally shown only a limited view of
an object, not its complete six-face Q3D description. Therefore,
the method uses the full state internally to guarantee coherent
rotations, but identifies matches through the visible depth matri-
ces. Given a fixed object and a transformed candidate, the model
retrieves all graph nodes with the same FRU description as the
fixed object and all graph nodes with the same FRU description
as the candidate.

The inferred transformation is then obtained by searching for
a shortest path between these two sets of nodes. Since every
edge corresponds to one rotation, the shortest path is the se-
quence with the minimum number of qualitative rotations con-

necting the two observed descriptions:

Si
ρ1,...,ρn
ÝÝÝÝÑ S j, FRUpSiq“FRUpO1q, FRUpS jq“FRUpO2q.

If such a path exists, the candidate is classified as a rotated ver-
sion of the fixed object. The sequence ρ1, . . . ,ρn is therefore not
only a computational result, but also an interpretable description
of how the first object can be mentally rotated into the second
one.

4.4 Use Case
To illustrate the method, consider a mental rotation item com-
posed of two qualitative objects: a fixed reference object and
a transformed candidate. Both objects are represented as six-
face Q3D states, although the comparison is performed through
the FRU description, as mentioned before. The task is to deter-
mine whether the transformed candidate can be obtained from
the fixed object by a sequence of valid qualitative rotations.

The process starts from the Q3D description of the reference
object:

SpOq “ xF,B,L,R,U,Dy.

A copy of this object is then transformed by applying one or
more rotation operators. For example, a candidate object may
be generated by the sequence:

SpOq towards left
ÝÝÝÝÝÝÝÝÝÑ S1

towards-up-right
ÝÝÝÝÝÝÝÝÝÝÝÝÝÑ S2.

The resulting state S2 represents the transformed object. Its full
six-face description is available internally, but the inference pro-
cedure only uses the visible subset:

FRUpS2q “ xF2,R2,U2y.

The inference procedure searches the graph described before
for a state whose Front, Right, and Up matrices match those
of the transformed candidate. If such a state is found, the can-
didate is interpreted as a rotated version of the reference object.
The output of the method is the shortest qualitative rotation se-
quence that explains the transformation. This sequence provides
an explicit symbolic explanation of the match. In this sense,
the method does not only answer whether two objects are rota-
tionally equivalent, but it also describes how one object can be
transformed into the other.

This use case captures the role of the proposed method in
Shepard-Metzler style tests. The reference and candidate ob-
jects are not compared through metric coordinates or rendered
images. Instead, both are converted into qualitative depth de-
scriptions, and the model reasons over the transformations of
those descriptions. A correct answer is therefore grounded in a
sequence of qualitative rotations over Q3D states.

5 Results
We evaluate the method on Q3D object descriptions by ap-
plying qualitative rotations to an initial object and then testing
whether the system can recover the transformation from the vis-
ible Front, Right, and Up views. The evaluation focuses on
three aspects: whether rotations generate coherent Q3D states,
whether the applied rotation sequence can be recovered from
partial views, and how a model behaves when several orienta-
tions share the same visible description.

5.1 Forward Rotation Generation
The first result concerns the generation of rotated Q3D descrip-
tions. Starting from an initial six-face state, the implemented



rotation operators produce a new six-face state in the same quali-
tative format. That is, after each rotation, the object is still repre-
sented by the six canonical perspectives Front, Back, Left,
Right, Up, and Down, and each perspective is again encoded
as a Q3D depth matrix.

This shows that the rotation model is closed over the Q3D rep-
resentation. This is important because it allows rotations to be
composed, meaning that a qualitative rotation produces another
valid Q3D state. A transformed state can immediately be used
as the input to another rotation, making it possible to generate
sequences such as:

S0
towards left
ÝÝÝÝÝÝÝÝÝÑ S1

towards-up-right
ÝÝÝÝÝÝÝÝÝÝÝÝÝÑ S2

towards up
ÝÝÝÝÝÝÝÑ S3.

Each intermediate state Si remains directly comparable with
other Q3D descriptions.

Figure 6: Example of a Q3D object before and after applying a
qualitative rotation. Each state is represented by the six canoni-
cal depth matrices, showing that the rotation operators generate
new Q3D states in the same symbolic format.

Figure 6 illustrates this process for one example object. The
left side shows the original Q3D state, while the right side shows
the state obtained after applying one qualitative rotation. The
symbols inside the matrices are preserved, but their positions
and face assignments change according to the selected rotation.
For example, rotations around the vertical axis reassign the lat-
eral faces while rotating the Up and Down matrices in place.
Also, in-plane rotations keep the Front and Back faces in their
positions while rotating them and cycling the surrounding faces.

The generated states also provide a direct way to inspect the
effect of each operator. Since every rotated object is represented
as a cube-net of depth matrices, the result of a rotation can be
checked face by face. This makes the transformation trans-
parent: one can observe both which faces have moved to new
positions and how the internal orientation of their matrices has
changed. This visual and symbolic inspection is useful for ver-
ifying that the qualitative rotation operators behave as expected
before using them fo sequence recovery.

5.2 Rotation Sequence Recovery
The recovery experiment shows that the model can use partial
qualitative views to reconstruct an explicit rotation path between
two object descriptions. Rather than only deciding whether a
transformed candidate is compatible with a reference object, the
system returns a sequence of qualitative rotations that explains
the transformation.

To illustrate this, a candidate is generated by first rotating the
reference object to the left and then applying an in-plane quarter

turn. Given only the Front, Right, and Up views of the ref-
erence and transformed states, the model recovers the following
paths:

ρ1 “ towards leftÑ towards-up-right,

ρ2 “ towards upÑ towards left,

ρ3 “ towards-up-leftÑ towards up.

Each step corresponds to a qualitative update of the Q3D state.
The first rotation changes the viewpoint by cycling the lateral
faces, while the second rotation performs an in-plane quarter
turn. As a result, the visible matrices of the final state match
the transformed candidate. Moreover, the recovered path is not
necessarily identical to the sequence originally applied to gen-
erate the transformed candidate. A candidate may be produced
through a long sequence of rotations, even when an equivalent
orientation can be reached through fewer steps. For this rea-
son, the inference procedure searches the rotation graph for the
shortest path between the reference and the transformed FRU
descriptions. The returned sequence should therefore not be un-
derstood as a reconstruction of the exact sequence that was used
to generate it.

For example, consider a candidate generated by the following
sequence:

ρ “ towards left x4Ñ towards-up-right.

The first four rotations return the object to the same horizon-
tal orientation, so the observed transformation is equivalent to a
single in-plane quarter turn. Therefore, the model does not re-
turn the full applied sequence. Instead, it recovers the shorter
explanation:

ρin f “ towards-up-right.

This behavior is intentional. The inference procedure searches
the rotation graph for a shortest path between the reference and
transformed FRU descriptions. The returned sequence should
therefore be understood as a minimal qualitative explanation of
the observed transformation, rather than as a reconstruction of
the exact sequence that was used to generate the candidate.

5.3 Dataset Evaluation
Base objects. The dataset is build from six base 3ˆ3ˆ3 ob-
jects, each defined as a complete six-sides Q3D state (Front,
Back, Left, Right, Up, Down) extracted from Ejarque and
Falomir [2026]; Falomir [2015]; Falomir and Oliver [2016]. Fig-
ure 7 shows all six templates as reconstructed from these depth
views. They were chosen to span a range of structural complex-
ity, measured as the number of unit cubes occupied out of the 27
available in the bounding box: from sparse configurations (ob-
ject5, object6: 11{27) to dense ones (object3, object4: 22{27),
with object1 and object2 in between.

Figure 7: The six base template objects used to build the dataset,
with the number of occupied unit cubes (out of 27) shown under
each name.

For each object, we generate a sample by applying short pre-
defined sequences of rotations and recording the resulting target



object. In addition to exact targets, we generate distractors to
increase ambiguity. Distractors are constructed in two ways: by
removing cubes only when the removal does not cause any other
cube to become unsupported, and by creating symmetric vari-
ants of the original object through mirroring. This yields targets
that are visually plausible but may not correspond to any valid
rotation sequence from the initial object.

The dataset contains 444 samples in total, with 297 solvable
cases and 147 unsolved cases under the shortest-path solver.
This allows to test whether our solver can recover the shortest
sequence of rotations from a given initial object to a target con-
figuration, even when the target is a distractor. The solvable sam-
ples verify that the graph-based solver can recover valid minimal
paths, while the unsolved samples highlight cases where the tar-
get cannot be reached from the initial object under the allowed
moves.

Figure 8: Representative solvable example from the dataset. The
original sequence is towards upÑ towards-left.

Figure 9: Representative distractor example from the dataset.
Although the target is structurally plausible, no valid path exists
from the initial object, since it’s a mirror.

Figure 8 and 9 show representative examples of a solvable
case and an unsolved distractor case, respectively. For solvable

example, solver outputs three sequences:

towards upÑ towards-left,

towards leftÑ towards-up-right

towards-up-rightÑ towards-up

Since this is a qualitative shortest-path evaluation, there is no
single incorrect answer in the usual sense: the target is either
reachable by one or more valid shortest sequences or it is not. In
solvable cases, multiple shortest paths may exist, so the key cri-
terion is whether the solver recovers the complete set of minimal
solutions. We also observe that some distractor targets are delib-
erately visually ambiguous, which makes it difficult to determine
whether they represent the same object by inspection alone. This
suggests a useful direction for future work on stronger disam-
biguation and perceptual comparison mechanisms.

6 Discussion about Future Work
This paper presented a qualitative approach for reasoning about
object rotation in Shepard-Metzler style tasks. By combining
Q3D depth descriptions with qualitative rotation operators, the
model represents objects as symbolic six-face states, generates
rotated descriptions, and recovers short transformation paths
from visible Front, Right, and Up views.

Future work will focus on extending the approach beyond
controlled block objects. One direction is to connect Q3D de-
scriptions with perceptual input, such as RGB-D images voxel
grids, or point clouds, so that the model can reason about real
objects under partial observation. This would also support af-
fordance checking, where qualitative features such as holes, flat
regions, or accessible surfaces determine whether an object can
be grasped, stacked, inserted, or used as support.

A second direction is to use the model as a component for
solving real 3D puzzles, where objects must be rotated, aligned,
or matched with target shapes. The same representation could
also support Best-Next-View Planning in robotics: since Q3D
makes visible and hidden structure explicit, an agent could
choose the next viewpoint expected to reduce ambiguity the
most.

As a final direction, the implementation should be generalized
to arbitrary H ˆW ˆL, just like Q3D, and evaluated on larger
object sets, symetric objects, and partially observed cases.

Code Availability
The code and dataset used in this work are available here.

Acknowledgments
We acknowledge the funding by the Wallenberg AI, Au-
tonomous Systems and Software Program (WASP) awarded by
the Knut and Alice Wallenberg Foundation, Sweden.

References
M. Bhatt and C. Freksa. Spatial computing for design: an arti-

ficial intelligence perspective. In John S. Gero, editor, Study-
ing Visual and Spatial Reasoning for Design Creativity, pages
109–127. 2015.

Eliseo Clementini and Anthony G. Cohn. Extension of rcc*-9
to complex and three-dimensional features and its reasoning
system. ISPRS Int. J. Geo Inf., 13(1):25, 2024.

A. G. Cohn and J. Renz. Qualitative Spatial Reasoning, Hand-
book of Knowledge Representation. Elsevier, Wiley-ISTE,
London, 2007.

https://github.com/Ejarque24/QR2026


Frank Dylla, Jae Hee Lee, Till Mossakowski, Thomas Schnei-
der, André van Delden, Jasper van de Ven, and Diedrich
Wolter. A survey of qualitative spatial and temporal calculi:
Algebraic and computational properties. ACM Comput. Surv.,
50(1):7:1–7:39, 2017.

Marti Ejarque and Zoe Falomir. An Extended Qualitative Model
for Reasoning about 3D Objects using Depth and Different
Perspectives. In Ed Manley et al., editor, The 17th Confer-
ence on Spatial Information Theory (COSIT) 22-25 Septem-
ber, York, UK, LIPIcs. Schloss Dagstuhl - Leibniz-Zentrum
für Informatik, 2026.

Zoe Falomir and Vicent Costa. Comparing qualitative object de-
scriptors using a visual similarity measure. In Vicenç Torra,
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