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Abstract

World models (WM) learn predictive representa-
tions from high-dimensional sensory input. How-
ever, their internal knowledge is implicit and of-
ten inadequate for systematic reasoning about ob-
ject structure. Qualitative Spatial Reasoning (QSR)
models provide explicit human-readable object de-
scriptions under transformations. This paper shows
that these two forms of modeling can be combined
by injecting a QSR model into a WM to improve
the WM reasoning abilities. Using a cube rotation
setting inspired by the cube comparison test used in
mental rotation tasks as a case study, we use a QSR
model that captures the geometric relationships and
transformation rules describing how features move
across faces under discrete rotations. We translate
this QSR model into differentiable constraints us-
ing Logic Tensor Networks (LTNs) to guide gradi-
ent based learning. These constraints are injected
into the WM loss function to regularize its latent
dynamics to satisfy the spatial constraints of ro-
tation. The results show that under an extreme
data scarce regime (10%), baseline model’s per-
formance collapses to near zero, whereas our ap-
proach achieves above 90% better score relative
to the baseline. Our method consistently main-
tains high scores across all data regimes (~=~80%),
for both in-distribution and out-of-distribution ob-
servations. This paper proposes a novel frame-
work to infuse QSR knowledge inside WM to make
learned latent dynamics logical. Code is available
at: https.// github.com/ajayrao80/ LtnDreamer/

1 Introduction

Learning predictive models of the world is key to intelli-
gent agents that must plan, act, and adapt in complex en-
vironments. Particularly in robotic manipulation tasks, spa-
tial reasoning is essential to anticipate how objects will move
and transform under sequences of actions. These tasks de-
mand prospection, the capacity to mentally simulate phys-
ically plausible future states that remain spatially coherent
over many steps. World models [Ha and Schmidhuber, 2018]

aim to achieve this kind of reasoning by learning latent dy-
namics directly from other high-dimensional sensory inputs
(e.g. pixels). Models such as PlaNet [Hafner ef al., 2019b]
and Dreamer [Hafner et al., 2019a; Hafner et al., 2020;
Hafner et al., 2025] have shown that predictive latent dy-
namics can be learned (end-to-end) and used for planning and
control. Despite their success in a range of model-based re-
inforcement learning tasks, a known limitation is that small
one-step errors-accumulate, causing imagined rollouts to drift
and degrade over long horizons [Lambert et al., 2022]. This
becomes a limiting factor for robotics applications that re-
quire precise spatial consistency across long horizons.

Recent benchmark studies show that contemporary vision
models also struggle at spatial reasoning tasks such as mental
rotation, paper folding and navigation [Stogiannidis er al.,
2025; Kamath et al., 2023; Chen et al., 2025]. These find-
ings suggest that explicit structural knowledge is necessary.
While recent benchmarks for world models [Li ez al., 2025]
probe geometric (and rotational) dynamics, there is little prior
work that directly evaluates how a Dreamer-style latent world
model handles deterministic object rotations.

To address this gap, we investigate whether a qualitative
spatial model, which contains explicit (and not necessarily
complete), human-readable descriptions of how objects be-
have under transformations, can be used to regularize the la-
tent dynamics of world models. Specifically, we use an ex-
isting qualitative model of object rotations that captures the
relational structure of how object features move across 3D
locations under discrete rotations [Falomir and Costa, 2025;
Falomir, 2025]—providing the structured knowledge that tra-
ditional world models lack. We hypothesize that incorporat-
ing this spatial knowledge can improve imagination rollouts
by limiting the world model’s latent dynamics using real spa-
tial constraints regulating 3D object rotations.

Related work. Our approach builds on a growing literature
in neuro-symbolic learning that seeks to combine symbolic
knowledge with neural networks. In particular, Logic Ten-
sor Networks (LTN) [Badreddine et al., 2022] have shown
that logical constraints can be embedded into deep networks
for tasks such as deductive reasoning [Bianchi and Hitzler,
2019], image classification [Roychowdhury et al., 2018],
reinforcement learning [Amador and Gierasimczuk, 2025;
Badreddine and Spranger, 2019], and semantic image in-
terpretation [Shindo er al., 2025; Donadello et al., 2017,
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Manigrasso er al., 2023]. More recently, frameworks such as
logic constraint injection via straight-through estimators and
architectures like LogicMP have shown that first-order logic
constraints can guide learning across diverse neural architec-
tures, including MLPs, CNNs, and GNNs [Yang erf al., 2023;
Xu et al., 2024]. There have been attempts aimed at combin-
ing logical reasoning with generative models for design gen-
eration [Jacobson and Xue, 2025]. While there have been at-
tempts to combine world models with neuro-symbolic meth-
ods [Liang er al., 2025; Balloch et al., 2023; Sehgal et al.,
2023] and attempts to overcome drifting imagination in world
models [Zhang et al., 2021; Zhu et al., 2023], prior works
have not used a differentiable logic framework to guide latent
world models to improve multi-step object dynamics. As far
as we know, our work is the first to make use of a QSR model
encoded with LTN into a world model to improve imagination
by reasoning about object transformations.

To achieve this, we lean on existing work on linking la-
tent space encodings with explainable concepts [Lee et al.,
2025]. Similar to concept-bottleneck [Koh et al., 2020] and
concept embedding models [Espinosa Zarlenga et al., 2022;
De Santis et al., 2026], we hard-code which latent dimen-
sions should encode an object’s face. However, we do not
employ (semi-)supervision [Oikarinen et al., 2022; Yuksek-
gonul et al., 2022], nor direct contrastive [Esser er al., 2020]
or statistical disentanglement [Liu et al., 2022] to guide rep-
resentation learning. Instead, we derive a novel set of quali-
tative, contrastive, temporal constraints to infuse abstract ro-
tational reasoning capabilities [van Steenkiste et al., 2019;
Kim and Mnih, 2018].

2 Preliminaries

2.1 Qualitative model for reasoning about Object
Rotations (QOR)

Qualitative Spatial Representations and Reasoning (QSR)
[Cohn and Renz, 2007; Ligozat, 2011] models and reasons
about properties of space (i.e. topology, location, direction,
proximity, geometry, intersection, etc.) and their evolution
between continuous neighbouring situations. The Qualitative
Object Descriptor (QOD) [Falomir and Costa, 2025] abstract
general features of 3D objects embedding them in a bounding
box with the shape of a cube which has six faces characterized
by features with its corresponding locations and orientations.
The model for Qualitative Object Rotations (QOR) [Falomir,
2025] formalizes how the features of an object change their
location and orientation depending on the rotation applied.
These spatial rules encoded by the QOR model provide the
symbolic knowledge structure that is later translated into dif-
ferentiable constraints via LTNs in this paper.

View and Orientation reference system. The fundamen-
tal unit of the QOR model in this paper is the object’s observ-
able state from a fixed viewpoint. We adopted the FRONT-
RIGHT-UP (FRU) perspective as the object canonical view-
point (Fig. 1). FRONT, RIGHT and UP are neighbouring lo-
cations in the QOR model since their features can move be-
tween these locations using only a discrete 90-degree rota-
tion. A view V (O, FRU) is defined as a set of triplets, one for
each visible side, containing a feature on that side and its ori-

entation. Thus, a descriptor for a view V' (O, FRU) includes:
V(O7 FRU) = {(Pj‘7f7'0nt, Of)? (PT7 right, OT)v (Pua up, Ou)}

where P; is a unique feature currently occupying location
(e.g. Py is 2’ in front in the first object in Fig. 1); the and
element in the triplet specifies a location part of the selected
viewpoint (e.g. right in FRU); and O; is the feature orientation
on location 7. For example, the first object view in Fig. 1 de-
scribes Oy as:{(‘2’, front, 0q), (‘6’, right, 0q), (‘1°, up, 0q)},
that is, O, is observed from FRU perspective, and feature ‘2’
is located on the front (not rotated), feature ‘6’ is on the right
(not rotated), and feature ‘1’ is up (not rotated).

The QOR model [Falomir, 2025] identifies rotation axes
going through the center of each pair of opposite sides in the
bounding box of the object, that is, X or pifch rotation axis
goes from right to left (r1); y or yaw rotation axis goes from
up to down (ud); z or roll rotation axis goes from front to
back (fb). The QOR defines discrete 90-degree rotations on
these axes associated with an intuitive name and an arrow —
see [Falomir, 2025] for details.

State-transitions. The QOR reasoning framework infers
the next view V’'(O;FRU) given the current view V (O, FRU)
and a rotation. The QOR defines a Conceptual Neighborhood
Graph (CNG) relating the location and orientation changes of
any feature given a rotation action.

Example 1. Let us consider the object View; in Fig. 1 which
contains a ‘2’ on the FRONT, a ‘6’ on the RIGHT and a ‘I’
on the UP location. Applying the ~ rotation (i.e. towards-
up-right, that is 90° centred in the front-back axis) results in
‘6’ moving to DOWN hidden location, whereas ‘1’ changes
location from UP to RIGHT. The feature ‘2’ remains on the
FRONT but increments its orientation a quarter. Applying the
rotation towards-left (<) results in ‘9’ remaining UP but in-
creasing its orientation by a quarter, ‘1’ changes its location
from RIGHT to FRONT and a new feature ‘8’ appears on the
RIGHT location.

The CNG provides the deterministic ground truth logic:
for any node (Location) and any edge (Rotation Action), the
CNG dictates the destination node and the required orienta-
tion increment {0, +¢, —q, +2q} (see [Falomir, 2025]). This
knowledge is encoded as LTN constraints to regularize the
world model’s latent dynamics.

2.2 Baseline world model

As a baseline, we implement a modified Dreamer [Hafner et
al., 2019a] world model. The key components of the model
used are an (i) encoder (convolutional), a (ii) recurrent state-
space model (RSSM), and a (iii) decoder (convolutional). The
encoder maps each observation to a latent encoding, which is
then processed by the RSSM along with a rotation action, to
produce the next stochastic latent state. The decoder recon-
structs the next observation from these latent states. Apart
from the mentioned modifications, the architecture and train-
ing regime follow standard Dreamer practice.

2.3 Logic Tensor Networks

LTNs [Serafini and d’Avila Garcez, 2016; Badreddine et al.,
2022] are a neuro-symbolic framework that enables the inte-
gration of first-order logical knowledge into neural networks
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Viewr1 (01 s FRU)
{(2, front, 0q),
(6", right, 0q),
(1", up, 0q)}

Viewro (Ol N FRU)
{(2’, front, 1q),
(‘1°, right, 1q),

(‘9’, up, 09) }

Viewrs (01 N FRU)

{C1, front, 1q),
(‘8, right, 1q),
(‘9 up, 19)}

Figure 1: Views of an object O; from the FRU perspective at differ-
ent observation times (T1, T2, T3) containing handwritten numbers
as features. At T1, 2°, ‘6’ and ‘1’ are located at front, right and
up, respectively. Next views correspond to QODs after rotations
towards-up-right (") and towards-left (<) in the QOR model.

in an end-to-end differentiable manner. LTNs provide seman-
tics for logical formulas in the language of continuous t-norm
fuzzy logic [Novdk er al., 1999], in which logical connec-
tives, constants, functions, and predicates are grounded in real
valued tensors. The truth value of any formula is a real num-
ber in the interval € [0, 1]. This allows logical constraints to
be incorporated directly into gradient based training as differ-
entiable loss terms.

Real-valued Logic and Tensor Grounding

Tensor grounding forms the core of LTNs. Every symbol of
a logical signature (constants, functions, predicates) is asso-
ciated with a numeric interpretation. Constants and variables
correspond to tensors representing data instances. Functions
are implemented as differentiable objects ' that map input
tensors to output tensors. Predicates are implemented as dif-
ferentiable objects that map tensor(s) to a scalar in € [0, 1].
This grounding enables logical formulas to be evaluated over
real data.

Real-valued Connectives and Quantifiers
LTNs implement a fully differentiable logical language called
Real Logic. Key components of Real Logic are the following:

* Logical Operators: Standard Boolean operators
(A, V,—, = ) are represented as continuous, differ-
entiable functions derived from a t-norm (real-valued
conjunction, A; see Appendix for classical t-norms).

* Quantifiers operate over the entire domain, repre-
sented as differentiable aggregation functions 2: (i)
the Universal Quantifier (V) is implemented as V
1
Apa(ar,....;a,) =1—(1 " (1—a;)P)?; (i) the Ex-
1 1
istential Quantifier 3: Ag(aq,...,a,) = = 31" (a?)7;
where a1, ..., a,, are n truth-values in [0, 1] and p > 1.
Learning in LTN
The spatial knowledge injected into the system is formalized
as a set of first order logic constraints. For example, the rota-

"Neural networks in practice, but not necessarily.
LTN provides multiple ways to compute quantifiers. The ones
provided in the paper are only an example.

tion action ~ (from Fig. 1) where the symbol at UP moves to
RIGHT and symbol at FRONT remains in FRONT but changes
orientation can be formulated as the following:

Example 2.

¢1: Yobsy, 0bsaUpg(obsy) = OCy(Rightg(obse)) and
¢2: Yobsy, obsa Frontg(obs1) = OCy(Frontg(obsa))

where Frontg(obs;), Upg(obs;) are functions with learn-
able parameters® whose outpus are encodings and obs can be
thought of as images before and after the rotation. OCy(e)
can be thought of as a model that takes in an encoding and
gives out another encoding corresponding to incremented ori-
entation of the symbol (see Fig. 1). Optimization is done
by aggregating truth-values of all the constraints by a cho-
sen formula aggregating operator SatAgg : [0,1]* — [0,1]
[Badreddine er al., 2022]. We train the model by defining the
Logic Loss as:

Liry =1—=SatAgg(¢1, d2)

By minimizing Lirn the underlying neural networks are
forced to learn parameters that maximize the truth value of
the imposed constraints. Thus, the learned representations
are forced to adhere to the symbolic rules which guides the
model towards logically consistent solutions.

3 Methodology
3.1 Logic Injected Dreamer (Our Approach)

For the logic injected model, we introduce architectural mod-
ifications (derived from the QOR [Falomir, 2025]) that ex-
pose the spatial structure of the object to be learned. We as-
sume that a single observation consists of multiple semanti-
cally meaningful side locations, namely FRONT, RIGHT, and
UP, as defined by the QOR. Accordingly, each side location is
processed by a dedicated encoder. The decoder is assumed to
operate on three location specific latent representations to re-
construct the next predicted observation. We need a dynamics
component to learn the mechanics of rotation, given the ob-
servation and action. However, Dreamer’s dynamics model
produces a single global latent state for the next timestep (see
[Hafner er al., 2019al), which is then decomposed by an MLP
layer into three location specific encodings prior to decoding.
In addition, we need an auxiliary network that can enforce
equality between the transformed latents of side-locations
(See example 2).

Multi-view Encoders and Decoders. Instead of a single
encoder, we use view-specific encoders. This corresponds
to the FRONT, RIGHT, and UP, visible side locations in the
observation. Thus, the observation x; in timestep t is pro-
cessed by 3 separate encoders (Eg , By, Ey), producing 3
distinct encodings z{, 2%, 2V. Each encoder processes the
full image and produces a latent representation. This en-
forced disentanglement between each side location encod-
ings unites ideas from concurrent concept embedding models
[Espinosa Zarlenga et al., 2022] for vector-based explainable

3LTNs don’t require predicates and functions to have learnable
parameters, they merely need to be differentiable.
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concept encodings, and from classical object detection ap-
proaches [He et al., 2017] which use different head for several
object shape candidates.

Dynamics Model and Splitter Network. The three encod-
ings are concatenated and passed into the Recurrent State
Space Model (RSSM, see [Hafner et al., 2019a] for details)
along with the action a;. The RSSM produces a single global
stochastic latent S;y;. The RSSM’s stochastic latent state
is passed through an additional Splitter Network (MLP) that
produces three outputs 25_1, 2R, ég_l with the same dimen-
sionality as a location encoding. The decoder takes these
three predicted latents as input, interpreting them as location
dependent slots (FRONT, RIGHT, UP) to reconstruct the next
observation Z;1. This factorization allows side location la-
tent representations to be explicitly constrained by the quali-
tative spatial rules in the QOR model.

Orientation Change Model (RotNety). To capture how
the orientation of a feature located on an object side changes
given a rotation, a small auxiliary network (MLP) RotNety is
used which takes a latent z and an action a and predicts the
orientation change z’ = RotNety(z, a). It is used exclusively
within the LTN constraints and only during training.

3.2 Formalizing QOR as constraints

We encode qualitative spatial knowledge about object rota-
tions (QOR) as LTN constraints. These constraints are ex-
pressed primarily as two sets of rules. Namely, encoder con-
sistency rules and decoder consistency rules. Additionally,
we add a third set of secondary constraints for the splitter
network. Each set characterizes the state change upon each
of the rotation actions as it is encoded in the QOR. Together,
these 3 rules per action enforce that latent representations un-
der rotation actions obey the qualitative rotation model.

The system is trained with a combined loss,-Namely, the
standard World Model Loss (Lww) and a Logic Loss (L1rn)
are derived from the satisfaction of three sets of rules.

The logic to formulate the constraints uses t-norm fuzzy
logical connectives, and predicates and functions operate on
the domains of time steps 7', images X, latent representations
(), towards-right
(=), towards-up (1), towards-down (), towards-up-right
(m) and towards-up-left (\) (see Table 1 by [Falomir, 2025]
for more details). Fuzzy predicates are equalities on X and
7, which we define as mean squared error on X and as scaled
cosine similarity (2 = #) == (i + 1) € [0,1]. The
required functions are time increment t — t + 1, obtaining
the observation t — x,; at a time point ¢, and the DNN com-
ponents of the the front (F'), up (U), right (R) face encoders
Encg,: x: — z; for ¢ € {F,U, R}, the RotNety, the RSSM
and Splitter part A x Z3 — Z,(zF, 2V, 2F ar) — 20,
that predicts the next timestep’s latents and lastly the decoder
Decy: (21,28 1, 2F0) = @up1.

Encoder Rules. Encoder rules constrain the relationship
between the location encoding of the current observation and
those of the next observation after a rotation action (e.g.
Viewr1(01) and Viewrs(O1) in Fig. 1). These rules en-
force that features move correctly between locations across

time steps.
(z5 = 2[1) A (RotNety (), =) = z41) )
Vo) =200) @)

1) = 200) 3)

(2 = 2[11) A (RotNety(z
(zF = 271) A (RotNety(z

A (RotNeto (2%, 1) = 2z{1) (4
(RotNetg (z{*, ~) = z8,1)  (5)
(RotNetg (2, ~) = z1%1)  (6)

(ZtU = ZtF+1)
(RotNetg(z{, ~) = zt11) A
(RotNetg(z{, ~) = zt11) A

Decoder Rules. These rules enforce the semantic meaning
of the decoder’s input slots along with the reconstruction. The
decoder must be able to reconstruct x;4; given the correct,
logically permuted latents. Note that ? stands for an unknown
latent since information about the new feature rotating into
view is not available from the x;.

z¢41 = Decg(?, 21, RotNetg(zL ,—)) @)
x¢41 = Deco (27, 2, RotNetg (2, <)) (3
x¢y1 = Decy(z; , RotNeta (2., 1), ?) &)
x¢41 = Decy(?;RotNetg (2, 1), z{ ) (10)
411 = Decg (RotNety (2 ,-), 2, RotNetg (217, ) (11)

x+y1 =Decy(RotNety (z; , ), RotNetg (2 ,~),?)  (12)

Splitter Network Alignment Rules. To ensure the WM in-
ternalizes these dynamics, we impose a final set of rules on
the Splitter Network. These rules take the predicted location
latents (étﬂ_l, 2{3_1, 2. 1) from the Splitter and set them equal
to the qualitatively predicted face latents from the observa-
tion x;. These constraints mirror the encoder rules, with the
only difference being that the location variables on the right-
hand side are taken from the splitter network rather than the
location encoders.

(zf = éﬁl) A (RotNetg(z,f],H) tU+1) (13)
(ztR = étFH) A (RotNetg(z,f],E) itUJrl) 14
(zF = 2%0) A (RotNety (28, 1) = 28,)  (15)
(20 = 250) A (RotNeto (28, 1) = 28,)  (16)
(RotNetg(zf,f\) = éﬂl) A (RotNetg(zf,f\) = Z,EJH) (17)
(RotNetg(z{, ~) = 211) A (RotNeto (2, ~) = 2(11)  (18)

In order to satisfy these rules, the Splitter Network is forced
to disentangle the global RSSM state into geometrically ac-
curate location representations.

3.3 LTN Loss

The above constraints are converted into a loss regularization
term by letting Renc, Rdec and Rgpii¢ denote the sets of rules
for encoder, decoder and splitter network, respectively. Each
rule r € R is mapped to a satisfaction value p, € [0, 1] using
LTNs. The encoder, decoder and splitter losses are defined as
the following:

F _R U _F R U
‘Cenc - 1 - SatAgg (/J/T(Zt I Zt I Zt 9 Zt-l,-lv Zt-l,-la Zt+1a Clt)),
T€Renc

Lgec = 1 — SatAgg (,ur(th, i z?,xtﬂ,at)) and
rE€Rdec
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Algorithm 1 Logic-Injected Dreamer Training

Require: Observation sequences xi.7, action sequences
ay.7, weights Ay, At
Ensure: Trained parameters 6
1: for each sequence (2.7, a1.7) in minibatch do

2 fort=1toT — 1do

3: // 1. Feature Extraction

4: Zthzﬁ’ZtU — E9f<xt)7Eg(mt)’Eg(xt)

5 zﬁ_l, zﬁ_l, zg_l —

BJ (@111), By (2141), By (x111)
6 // 2. Dynamics and Splitter Prediction
7 Si41 < RSSMy (Sy, stack ({2, 27), ay)
8: 2F 1 28 2« Splittery (Si41)
9: // 3. World Model Loss
0 Lwa < Recon(Decg(2f 1, 251,20 1), @eq1) +

KL(St41)
11: // 4. LTN Constraint Losses
12: £LTN — ACenc + Edec + Esplit
13: /I 5. Parameter Update
14: 0+ 0—-Vy ()\meWM + )\lmﬁLTN)
15:  end for
16: end for

Lspiit = 1 — SatAgg (ur(zf, ztR, zgj, éfjrl, 2&1, 2tU+1,at)).
TE€Rsplit
Then, Litn = Lenc + Ldec + Lspiit, and added onto the world
model loss Lwy becomes the overall loss £ = AwmLwMm +
ALTNLLTN-
The detailed algorithm to conduct the LTN learning of our
world model architecture is provided in Alg. 1.

4 Experiments and Evaluation Metrics

Dataset and Environment. We implemented a controlled
environment using Unity3D* with a single object having
MNIST digit [LeCun e al., 2010] pasted onto its faces. As
object prototype we used a cube because it can be a generic
bounding box for any object. Our object was rendered from a
fixed camera viewpoint such that exactly three sides (FRONT,
RIGHT UP) were visible at any time (see Fig. 1). The observa-
tion at each timestep was.an RGB image of size 3 x 128 x 128.
The MNIST digits used to construct cubes in the training and
evaluation sets are drawn from mutually exclusive sets. Each
episode consists of sequences of deterministic cube rotations
with a fixed length of 5 steps. The training set contains a to-
tal of 5,000 episodes, and the evaluation set contains 1,000
episodes. The action space contains six discrete actions, that
is, the QOR 90-degree positive and negative rotations in each
of the 3 axes defined (see Table 1 by [Falomir, 2025] for more
details).

Experimental Setup. We evaluate the proposed logic in-
jected world model against a vanilla Dreamer baseline in the
controlled cube rotation environment.

*Unity Technologies. Unity 3D.
https://unity.com/releases/editor/whats-new/6000.0.38f1

To study data efficiency, logical consistency and robust-
ness under limited supervision, we train both models using
three fractions of the available training set for 1000 epochs.
Namely, 100% of the training set (5,000 episodes), 50% of
the training set (2,500 episodes), 10% of the training set (500
episodes). For all data regimes, the evaluation set consists of
the same 1,000 held-out episodes. Model and training config-
urations are kept identical across training regimes/models.

Out of Distribution One Shot Generalization. In addi-
tion to in-distribution evaluation, we assess the ability of
both models to generalize to novel visual content in a one
shot setting. For this experiment, we construct a separate
object rotation dataset in which object sides are textured
with handwritten letters from the EMNIST dataset [Cohen
et al., 2017] instead of MNIST digits. This dataset contains
1,000 episodes and has the same environment dynamics, ac-
tion space, episode length, and observation resolution as the
MNIST-based dataset. Crucially, neither model is trained on
handwritten letters at any point. The handwritten letter cube
dataset is used exclusively for evaluation, only to test whether
the learned world models can generalize their learned rota-
tional dynamics to unseen visual features. This setting ac-
counts for generalization of rotational reasoning from memo-
rization of visual appearance.

Evaluation Procedure. Our model is evaluated on its abil-
ity to imagine future observations under sequences of rota-
tional actions. Given an initial observation, the model per-
forms imagination rollouts by recursively predicting future
observations conditioned on the action sequence. Perfor-
mance is measured over multi-step rollouts, with a specific
emphasis on the degradation of imagination over rollout hori-
zon. As the environment dynamics are deterministic, devia-
tions from the ground-truth observation at time ¢ reflect fail-
ures in rotational reasoning.

Evaluation Metrics. We use three metrics that assess vi-
sual accuracy and adherence to qualitative constraints:

MI. Mean Squared Error (MSE) Computed between the
predicted observation and the corresponding ground-truth ob-
servation at each imagined time step ¢t. MSE provides a base-
line measure of pixel-level reconstruction fidelity [Hafner et
al., 2019al.

M?2. Qualitative Constraint Violation (LTN Loss). To as-
sess adherence to qualitative constraints, we use the standard
method of evaluating LTN based models [Badreddine et al.,
2022] on imagined rollouts for both the vanilla Dreamer and
for our Logic-Dreamer model. For the logic-injected model,
this corresponds to the encoder, decoder, and splitter con-
straint losses used during training. For the vanilla Dreamer
model, the same qualitative rules are applied post hoc to its
latent representations and reconstructions to measure the de-
gree of constraint violation. The lower the LTN loss, the
stronger the adherence to the qualitative constraints.

M3. Adjusted Cosine Similarity (object-side-wise). To
measure structural similarity independently of global pixel
scale, we compute an adjusted cosine similarity on cropped
object location sides. For each predicted and ground-truth
observation, we extract image crops corresponding to the vis-
ible FRONT, RIGHT and UP locations. Cosine similarity is
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Figure 2: Vanilla Dreamer vs. our Logic-Dreamer architecture.

Ground Truth

Vanilla Dreamer

Logic-Dreamer

Figure 3: Imagination rollouts for models trained on the full dataset.
Top row: ground-truth environment rollout. Middle and bottom
rows: imagined rollouts conditioned on the first ground-truth obser-
vation. As the rollout progresses, symbols increasingly move out-
side the agent’s field of view, preventing the model from predicting
symbols that were not visible in the initial observation.

computed independently for each cropped side and linearly
rescaled to lie within the range [0, 1]. The final score is ob-
tained by averaging across visible locations. This object-side
evaluation isolates spatial reasoning errors, such as incorrect
location permutations or rotations. Results for both in-/out-
distribution evaluations are reported in the following section.

5 Results

We evaluate vanilla Dreamer and our Logic-Dreamer under
both in-distribution and out-of-distribution settings. Perfor-
mance is measured over a 4-step imagination rollout using
MSE, adjusted face-wise cosine similarity, and LTN loss. Re-
sults are reported for models trained with 100%, 50%, and

10% of the available training data.

In-Distribution Evaluation. Tab. 1 reports in-distribution
imagination rollout performance on objects with MNIST digit
features for vanilla Dreamer and our Logic-Dreamer, respec-
tively. Across all training regimes, vanilla Dreamer exhibits
stable pixel-level reconstruction error. However, its ability to
maintain spatial coherence degrades significantly with fewer
training samples. In particular, when trained on only 10% of
the data, vanilla Dreamer’s similarity score collapses to zero,
suggesting a failure to preserve any coherence in its imagina-
tion. In contrast, our Logic-Dreamer maintains high similar-
ity scores across multiple rollout steps, even as the dataset
gets smaller. At 10% training data, the LTN augmented
model achieves relatively high similarity scores, even at the
final rollout step. This shows an improvement over the vanilla
model (Tab. 1). This effect is particularly pronounced across
the rollout steps, where LTN constraints reduce the accumu-
lating drift observed in the baseline. It seems that training
with 50% data has a regularizing effect on vanilla Dreamer.
MSE and Similarity values are complementary as MSE alone
can in extreme cases (as in the 10% vanilla Dreamer) paint
a slightly misleading picture. In the 10% case the collapsed
imagination (vanilla Dreamer) gives out black images match-
ing with the background resulting in a lower MSE. Face-wise
similairty score as result is zero (by definition).

Logical constraint adherence differentiates the two models
further. Vanilla Dreamer violates the constraints indicated by
high LTN loss across horizons and data regimes. By con-
trast, our Logic-Dreamer achieves consistently lower LTN
loss across horizons. This suggests that the injected LTN con-
straints are better satisfied throughout the imagination rollout.
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Metric Horizon 100% 50% 10%
vanilla Dreamer Logic-Dreamer(ours) vanilla Dreamer Logic-Dreamer(ours) vanilla Dreamer Logic-Dreamer(ours)
MSE | t=1 0.216 £ 0.001 0.004 + 0.001 0.007 £ 0.001 0.021 £ 0.002 0.038 £+ 0.003 0.061 £ 0.015
t=2 0.218 + 0.002 0.015 £ 0.002 0.010 + 0.002 0.013 £ 0.002 0.038 £ 0.003 0.029 £+ 0.007
t=3 0.218 £ 0.002 0.016 + 0.002 0.011 + 0.002 0.012 £ 0.002 0.037 £ 0.003 0.022 £ 0.004
t=4 0.218 + 0.002 0.016 £+ 0.002 0.012 £ 0.002 0.012 £ 0.002 0.038 £ 0.004 0.019 £+ 0.003
LTN Loss | t=1 0.865 + 0.0003  0.853 4 3.91 x 10~ ° 0.853 + 0.0001 0.855 £ 0.0004 0.895 +3.32 x 10~ 7 0.859 + 0.001
t=2 0.866 + 0.0003  0.854 + 2.95 x 10~ 2 0.854 + 0.0002 0.854 + 0.0002 0.895 + 2.50 x 107 0.855 + 0.001
t=3 0.866 + 0.0003  0.854 4 2.96 x 10~ % 0.854 + 0.0002 0.854 + 0.0002 0.895 + 2.60 x 10~ 0.855 + 0.001
t=4 0.866 £ 0.0003 0.854 4+ 3.21 x 10~4 0.854 + 0.0003 0.854 £ 0.0002 0.895 + 2.66 x 107 0.854 + 0.001
Similarity 1 t=1 0.794 £ 0.010 0.956 + 0.006 0.903 + 0.019 0.791 £ 0.017 0.0001 £ 0.0004 0.763 £ 0.013
t=2 0.777 £ 0.012 0.843 £+ 0.023 0.865 + 0.023 0.861 £ 0.023 0.000 + 0.000 0.796 £ 0.017
t=3 0.776 £ 0.011 0.835 + 0.023 0.848 £ 0.023 0.863 + 0.020 0.000 + 0.000 0.814 £ 0.016
t=4 0.777 £ 0.012 0.833 +£ 0.024 0.839 £ 0.027 0.865 + 0.020 0.000 + 0.000 0.827 £ 0.016

Table 1: In-distribution imagination rollout for vanilla Dreamer models vs Logic-Dreamer (ours) trained with data fractions 100%, 50%, and
10%. Results are reported as mean + standard deviation over a 4-step rollout for MSE ({), adjusted cosine similarity (1), and LTN loss ({).

Metric Horizon 100% 50% 10%
vanilla Dreamer Logic-Dreamer(ours) vanilla Dreamer Logic-Dreamer(ours) vanilla Dreamer Logic-Dreamer(ours)
MSE | t=1 0.212 4+ 0.002 0.006 + 0.002 0.012 £ 0.002 0.021 £ 0.002 0.044 £ 0.005 0.056 £+ 0.015
t=2 0.213 £ 0.003 0.017 £+ 0.002 0.013 £ 0.002 0.015 £ 0.002 0.045 £+ 0.005 0.027 + 0.006
t=3 0.213 £ 0.003 0.018 £+ 0.003 0.015 £ 0.002 0.015 £ 0.002 0.045 £ 0.005 0.020 £+ 0.004
t=4 0.213 £ 0.003 0.018 £+ 0.003 0.015 £ 0.002 0.015 £ 0.002 0.045 £ 0.005 0.017 £+ 0.003
LTN Loss | t=1 0.865 £ 0.0004 0.853 +1.31 x 10~° 0.854 + 0.0003 0.855 £ 0.0004 0.895 + 4.4 x 10~7 0.859 + 0.002
t=2 0.866 £ 0.0004 0.8544+ 3.1 x 10~% 0.854 £ 0.0003 0.854 £ 0.0003 0.895 +£3.3 x 107 0.855 £+ 0.001
t=3 0.866 £ 0.0004 0.854+3.5 x 104 0.854 £ 0.0003 0.854 £+ 0.0002 0.895+3.5 x 10~7 0.855 + 0.001
t=4 0.866 £ 0.0004 0.854+3.8x 104 0.854 £ 0.0004 0.854 £ 0.0003 0.895+ 3.6 x 10~7 0.854 + 0.0004
Similarity 1 t=1 0.819 £+ 0.016 0.936 + 0.013 0.860 £+ 0.024 0.801 £ 0.018 0.0001 % 0.0005 0.792 + 0.020
t=2 0.806 £ 0.022 0.832 £+ 0.022 0.842 4+ 0.023 0.845 + 0.025 0.000 £ 0.000 0.821 4+ 0.022
t=3 0.805 £ 0.020 0.819 £+ 0.026 0.828 £+ 0.023 0.850 £+ 0.021 0.000 £ 0.000 0.835 + 0.021
t=4 0.807 £ 0.022 0.820 £+ 0.026 0.822 £+ 0.024 0.854 + 0.021 0.000 £ 0.000 0.846 + 0.020

Table 2: Out-of-distribution (handwritten letters) imagination rollout performance of vanilla Dreamer models vs. Logic-Dreamer models
trained with data fractions (100%, 50%, 10%). Results are reported as mean =+ standard deviation over a 4-step rollout for MSE ({), adjusted

cosine similarity (1), and LTN constraint violation ({).

Out-of-Distribution Evaluation. Tab. 2 reportstesults on
the objects containing handwritten letters as features, which
are never seen during training by either model. The out of
distribution results mirror the trends observed in-distribution.
Vanilla Dreamer again shows a collapse in similarity with
model trained with 10% of the training data (Tab. 2).

Our Logic-Dreamer generalizes to unseen handwritten let-
ter textures: Even though the model has never seen these
symbols during training, it retains an average similarity score
across rollout steps of 0:.852 + 0.022 (across 1-4 horizons
and 100% training data), as compared to the baseline which
is at 0.81 £ 0.02 (Tab. 2). The same is visible in MSE. This
suggests that the model has learned the underlying rotational
dynamics rather than surface level visual statistics. LTN Loss
seems to be sensitive to small changes. We suspect this is due
to the formula-aggregating operator forcing the values to be
between [0, 1] causing small changes on average to have an
amplifying effect on similarity. Notably, constraint adher-
ence remains stable under distribution shift.

While LTN loss and similarity scores are not affected by
distribution shift, MSE sees an increase for both models. The
relative change is small for models trained on 100% training
data (13% ours, —2% baseline), but under low training data
regimes Logic-Dreamer see a decrease across horizons (9%),
while the baseline method sees a considerable increase of

16% at 10% training data. This evidences that the LTN rules
help generalize beyond the trained domain.We observe a nu-
anced interaction between architectural inductive bias, LTN
constraints, dataset size and complexity. When trained on the
full dataset, Logic-Dreamer model outperforms the vanilla
Dreamer baseline. The effect of QOR-derived architecture
and LTN constraints provide the inductive prior to learn la-
tent dynamics. Even in the most data scarce setting (10%),
the advantage persist where the architectural inductive bias
alone is able to still show improved scores.

These results suggest that injecting QSR knowledge into a
latent world model noticeably improves multi-step imagina-
tion, even under data scarcity and distribution shift. While
vanilla Dreamer can achieve low reconstruction error, it lacks
the structural knowledge for reliable spatial reasoning. In
contrast, Logic-Dreamer setup satisfies constraints and gen-
eralizes to unseen visual domains, highlighting the benefits
of integrating explicit, human-readable models of object dy-
namics into world models.

6 Discussing Generalization

A key property of the Qualitative Object Descriptor (QOD) is
that it is independent of object shape and serves as a structural
representation container [Falomir, 2015; Zhao et al., 2021].
Intuitively, this is analogous to a carton box. When the box is
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rotated, its internal structure rotates accordingly. This allows
the same compact rule set to be naturally generalized to other
shapes. That way, we here demonstrated how a fairly com-
pact set of rules already covers dynamics that may describe
arbitrarily complex object rotation dynamics.

A key consideration is that exhaustively specifying con-
straints is impractical. However, our approach doesn’t re-
quire complete symbolic specification of the underlying dy-
namics. The induced rules act as complementary constraints
that guide the latent dynamics while still allowing the model
to learn from data. As demonstrated by our results even a par-
tial set of rules can substantially improve performance. Fortu-
nately, many real-world systems are governed by a compact
set of rules, where a limited number of constraints describe
rich dynamics. The controlled cube setting is intentionally
chosen to isolate the effect of our approach.

While the constraints used in our method are manually
specified, they follow a structured and reusable decomposi-
tion into three categories. Namely, encoder, decoder and dy-
namics (splitter) constraints. This is not domain specific and
can transfer other settings where latent representations cor-
respond to meaningful components. Notably, our approach
does not rely on access to full QOR graph. Due to partially
observability, constraints are applied ony to the visible subset
of components (FRONT, RIGHT and UP). As implied above,
the effectiveness comes from expressiveness rather than the
quantity of rules. A small number of constraints can cap-
ture rich behaviours, similar in spirit to physics-informed net-
works. Extending these principles toward broader and more
realistic domains is an important avenue for future work.

7 Conclusion

Our results show that QSR knowledge can be used in world
models to improve longer horizon imagination and spatial
reasoning. By encoding a QOR model [Falomir and Costa,
2025; Falomir, 2025] as differentiable logical constraints us-
ing LTNs and injecting these constraints into a world model,
we showed that learned latent dynamics can be anchored to
object geometry.

The logic injected model maintains spatial coherence
over multi-step imagination rollouts, even under severe data
scarcity and distribution shift. In contrast, a standard world
model exhibits compounding errors. The reduction in con-
straint violations observed across evaluations shows that
qualitative constraints can act as a form of inductive bias for
learned dynamics.

Bridging perception and dynamics is fundamental to build-
ing robust world models. A key challenge is enabling them to
learn latent dynamics that remain consistent under long roll-
outs. In this work, we explored how grounding latent rep-
resentations with explicit qualitative constraints can improve
imagination consistency. Integrating constraints to ground la-
tent dynamics of world models provides a promising direc-
tion for enforcing consistency and improving generalization
beyond training distribution.

A Appendix
A.1 t-norm Fuzzy Logic

A listing of classical t-norms (real-valued logical conjunc-
tion) and respectively matching logical connectives is pro-
vided in Tab. 3 and Tab. 4. These constitute a generating
system of all continuous t-norms [Novék er al., 1999].

Logic -a anbd aVb
Lukasiewicz 1—a max(0,a+b—1) min(1,a+b)
Goedel/Minimum 1 —a min(a, b) max(a, b)
Product/Goguen 1—a a-b a+b—a-b

Table 3: Basic fuzzy connectives for standard t-norm fuzzy logics.

Logic a—grb (ma) Vb
Lukasiewicz min(l,1 =a+0b) min(l,1—a+0b)
Goedel/Minimum  lif @ < belse b max(1 — a,b)
Product/Goguen min(1, 2) l—a+a-b

Table 4: Residuated implication (R-implication) and strong implica-
tion (S-implication) for standard t-norm fuzzy logics.
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