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Abstract. This article proposes a Neuro-Symbolic (NeSy) machine learn-
ing approach to Object Re-identification. NeSy is an emerging branch of
artificial intelligence which combines symbolic reasoning and logic-based
knowledge representation with the learning capabilities of neural net-
works. Since object re-identification involves assigning the identity of
the same object across different images and different conditions, such
a task could benefit greatly from leveraging the logic capabilities of a
NeSy framework to inject prior knowledge about invariant properties
of the objects. To test this assertion, we combined the Logic Tensor
Networks (LTNs) NeSy framework with a state-of-the-art Transformer-
based Re-Identification and Damage Detection Network (TransRe3ID).
The LTN incorporates prior knowledge about the properties that two
instances of the same object have in common. Experimental results on
the Bent&Broken Bicycle re-identification dataset demonstrate the po-
tential of LTNs to improve re-identification systems and provide novel
opportunities to identify pitfalls during training.

Keywords: Neuro-Symbolic learning · Logic Tensor Networks · Object
Re-Identification · Transformers.

1 Introduction

In recent years, the novel field of Neuro-Symbolic Machine Learning (NeSy)
has emerged at the intersection of symbolic artificial intelligence and neural
networks [7, 8, 10]. NeSy combines the strengths of both symbolic reasoning and
deep learning to address complex problems by combining the expressive power
of logic-based knowledge representation with the learning capabilities of neural
networks. While NeSy techniques have been applied in a variety of visual tasks
including scene graph extraction [3, 4, 12], object detection [17], zero-shot image
classification and recognition [19, 25] and visual query answering [18, 20, 23], to
the best of our knowledge ours is the first attempt to exploit them in the context
of Object Re-Identification (ReID).

Current re-identification methods simply perform implicit pattern matching
while not making use of more readily available information about similar objects
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like color and object type labels. The proposed approach could prove beneficial
in this sense by using logical rules that encode prior knowledge about properties
that are invariant across different images of the same object instance. Specifically,
we focus on improving the baseline performance of the transformer-based re-
identification and damage detection network (TransRe3ID) [21] by incorporating
Logic Tensor Networks (LTNs) [1].

To evaluate our approach, we conduct experiments with the synthetic Bent
& Broken bicycle Damage Detection and Re-Identification dataset [21]. In this
benchmark, the goal is to re-identify the same object (in this case, a bicycle)
in the presence of damages and missing parts, and hence the network must
distinguish between large inter-object deformations (e.g., induced by an incident)
and subtle intra-object differences (e.g., due the difference texture of the bike
frame). In addition, the dataset includes challenges commonly associated to ReID
such as changes in viewpoint, and the presence of dirt.

The remainder of this paper is organized as follows. Section 2 provides a brief
background on the Logic Tensor Networks framework and an analysis of recent
related work in the field of object ReID, with a particular focus on the use of
transformers in this area. Section 3 outlines the methodology with the definition
of the FOL rules, their integration into the TransRe3ID network, and the loss
formulation. Section 4 presents the experimental setup, including the dataset
and evaluation metrics. Section 5 discusses the results and analyzes the impact
of integrating LTNs on the performance of the ReID system. It also examines
the extent to which the proposed logical rules were satisfied during training to
explain the properties of the resulting network. Finally, Section 6 concludes the
paper and highlights possible directions for future research in this area.

2 Background

2.1 Object Re-Identification

Object ReID is the task of identifying the same object in multiple images, re-
gardless of its position, illumination, or context. The use of transformers has
rapidly increased in recent years, with applications ranging from person ReID
[16, 24, 27] to vehicle ReID [14, 15, 26]. One of the best representatives of these
works is TransReID proposed by [9], which presents a ViT backbone followed by
two separate ReID branches, one based on global attention and one that enforces
local attention by using a separate module that extracts random local parts of
the image. This work was extended by [21] to perform simultaneous damage
detection and object ReID, resulting in the TransReI3D architecture trained on
the Bent&Broken Bicycle ReID dataset.

2.2 Logic Tensor Networks

Logic Tensor Networks (LTNs), originally proposed by d’Avila Garcez and Ser-
afini [6, 1, 2], have been used in a variety of different tasks, from object recogni-
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tion [17, 22, 4] to reinforcement learning [2] and sentiment analysis [11], demon-
strating their flexibility as a NeSy framework. They combine deep neural net-
works with a first-order logical knowledge representation. In short, LTNs use
a fuzzy logical language, called real-world logic, as the underlying formalism,
which consists of a First-Order Logic language (FOL) whose signature includes
constants, function, and predicate symbols. Since there is no complete certainty
in real-world problems and formulas may be partially true, fuzzy semantics is
used as an approximation to real logic, using the concept of grounding to define
how symbols are concretely interpreted by tensors in the real field.

Given a vector space Rn and a set of predicates P, a grounding G has the
following properties:

G(P ) ∈ Rn⋆k → [0, 1],∀p ∈ P
As such, predicate symbols are interpreted as functions mapping real vectors to
the [0, 1] interval, which can be interpreted as the truth level of the predicate.
A typical example is the unary predicate is-a, which determines the existence
of a certain object or property associated with it. Consider the following use
case as an example: if b = G(x) is the grounding for the image of a bicycle,
then G(Bike)(b) ≃ 1. A logical condition expressed in FOL allows to define its
properties, e.g. ∀x(Bike(x) → hasWheels(x)). Thus, the truth value of a logical
condition can be calculated by a neural network by first computing the grounding
of the unary symbols contained in the logical clause and then combining them
through fuzzy logical operators and quantifiers.

Fuzzy logic formulas can be associated with fuzzy logic operators such as
conjunctions (∧), disjunctions (∨), and implications ( =⇒ ), including logi-
cal quantifiers (∀ and ∃). Several real-valued differentiable implementations are
available in the fuzzy logic domain [13]. The implementation here used follows
the one in [1], which is based on the Lukasiewicz formulation [5]:

G(−ϕ) = 1− G(ϕ)
G(σ ∨ ψ) = min(1,G(ϕ) + G(ψ))

(1)

The combination of connectors, predicates and quantifiers defines axioms, for
which examples can be found in Section 3.2.

The set of closed formulas such as axioms and logical labels is called a knowl-
edge base K, which stands in combination with the grounding on our examples.
In practice, such a grounding is only partially defined for optimization purposes,
since our set K is qualitatively a finite and limited set of examples.

Best Satisfiability Problem Given a grounding Ĝθ, where θ is the set of
parameters of all predicates, the learning problem in LTNs is formulated as a
best satisfiability problem, where the goal is to determine the values of Θ∗ that
maximize the truth values of the conjunction of all closed formulas ϕ ∈ K:

Θ∗ = argmaxΘ Ĝθ

 ∧
ϕ∈K

ϕ

− λ∥Θ∥22 (2)
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where λ∥Θ∥22 is a regularization term. In real world cases, fully satisfying a
grounded theory is highly unlikely given the possibility of exceptions to each rule.
Thus, we opt to instead find the grounding that obtains the highest satisfaction
while taking into account such exceptions. Examples of these exceptions are
common in the visual domain, from occasional deviations from the norm, to
features that may not be always visible. For example, a bicycle (normally) has
both wheels, but a damaged bicycle or a bicycle under repair may have one or
both wheels missing or simply obscured.

3 Methodology

3.1 Overall Architecture

Following the work of [21], we use the TrainsReI3D architecture as backbone,
which was already demonstrated on the selected benchmark for damaged object
ReID (more information about the dataset can be found in Section 4.1). This
architecture performs multi-task damage detection and ReID by using a ViT
backbone and having three output branches: one for classifying the presence of
damage and missing parts, one that performs object ReID on the whole image
and the last one, called Jigsaw Patch Branch, that performs object ReID based
on local features. This last branch works by using the Jigsaw Patch Module
(JPM), which takes as input the patch tokens and randomly reshuffles them
into four separate subsets of equal size, each containing a copy of the original
[cls] patch token. For more details on the underlying transformer network, the
reader can refer to the works of [9, 21]. Here we have also added a separate output
branch for predicting additional attributes of each bike instance, with a separate
classification head for each attribute (multi-attribute, multi-class classification).

Figure 1 shows a representation of the complete architecture.

3.2 Logic Tensor Network Definition

Our LTN-based NeSy approach defines predicates on the images, that are in turn
grounded by the output [cls] token features of the ReID and auxiliary branches
to obtain subsymbolic representations of IDs (xreid) and bike attributes(xattr),
respectively. The core of the LTN is the definition of the knowledge base , which
combines known facts (in the present case, labeled instances) with logical con-
straints. The Bent&Broken Bicycle dataset, as defined in Section 4.1, defines
each unique bicycle ID based on the unique combination of instance attributes,
and at the same time, contains damaged and undamaged versions of the same bi-
cycle ID. The LTN was used to inject into the learning process prior knowledge
that directly derives from the rules underlying the dataset labeling structure.
Specifically, we make three basic observations from which we define our knowl-
edge base rules: (1) “Images with the same auxiliary attributes must have the
same ID”; (2) “Images of the same object, but with different damage types,
must have the same ID”; (3) “Images with the same ID must be associated with
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Fig. 1: Architecture of the proposed L-TransReI3D. The original architecture of
TransReI3D [21] consists of a ViT backbone that feeds into 3 output branches:
(1) the Damage Branch to classify the presence of damage and missing parts; (2)
the global ReID branch for the ReID of objects in the global image; and (3) the
ReID JPM branch for the local ReID of objects in subsets of image patches as
an additional self-supervised task. The architecture has been further extended
with an Auxiliary branch, which performs the classification of bike attributes.
With the exception of the Damage branch, each branch also feeds into the LTN
axioms for the LTN loss calculation.

feature vectors that are close in the embedding space”. In the rest of this sec-
tion, we define in detail the variables and predicates that form the FOL, and the
axioms encoding prior knowledge.

Predicates The proposed LTN is based on three predicates:

– IDp(xreid, ID) is a trainable ID predicate classifier, where xreid is an in-
put image and ID is a term denoting a ID variable. The predicate should
return the probability that an image xreid belongs to ID. The predicate
is grounded by a classification layer followed by a softmax function, where
xreid is grounded by the output [cls] token feature extracted from the ReID
branch;

– AUXp(xaux, AUXi) is a trainable predicate classifier for bike attributes,
where xaux is the image and AUXi is the corresponding attribute label (more
information in Section 4.1). Each AUXp returns the probability that an
image xaux belongs to the label of the bike attributes AUXi. Each predicate
is grounded by a classification layer followed by a softmax function, where
xaux is grounded by the output [cls] feature extracted from the auxiliary
branch;

– SameInstance(xreidi
, xreidj

) is a non-trainable predicate indicating whether
two images xreidi

and xreidj
contain bikes belonging to the same ID; the

predicate is grounded by the cosine similarity between the two input fea-
tures followed by a sigmoid function, whereas xreidi

and xreidj
are grounded
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by the output class token features of each image extracted from the ReID
branch.

Fuzzy Operators Here are defined the fuzzy logic operators introduced in the
LTN formalism and used in the axioms:

– Diagonal Quantification Diag(x, . . . , l) quantifies over tuples combining
the i-th instance of each of the variables in the argument of Diag [1]. For ex-
ample, for a dataset with samples x and target label y, ∀Diag(x, y) quantifies
over each (sample, label) pair.

– Equivalence Connection Pred1 ⇔ Pred2 corresponds to the equivalence
logic operator, which states that the two predicates should have the same
truth value.

– Guarded Quantification Quantifier(Condition V ariables : Condition
Mask{Maskedpredicates}) applies a mask to select terms to be included in
the quantification based on a selected condition variables. For example, given
a binary predicate P applied to variables x and y, the axiom ∀[x, y], x, y :
x == y{P (x, y)} computes only any combination of x and y for which the
condition x == y is satisfied.

Axioms
The following rules enforce the three observations defined above in dual pairs

of positive-negative axioms:

– Rule #1: Images with the same auxiliary attributes must be as-
signed to the same ID. After selecting only pairs of images that (do not)
have the same ID (guarded condition), the rules enforce the constraint that
the auxiliary attributes of images xauxi and xauxj are the same if and only
if the two corresponding images xreidi

and xreidj
have the same IDs (and

vice versa). The constraint is applied for each auxiliary attribute:

∀Diag(xreidi
, IDi, xauxi

, AUXki
)

(
∀Diag(xreidj

, IDj , xauxj
, AUXkj

)

IDi, IDj : IDi == IDj

{(
(AUXp(xauxi

, AUXki
) ⇔ AUXp(xauxj

, AUXkj
)

)
⇔(

IDp(xreidi , IDi) ⇔ IDp(xreidj , IDj))

)}) (3)

∀Diag(xreidi , IDi, xauxi , AUXki)

(
∀Diag(xreidj , IDj , xauxj , AUXkj )

IDi, IDj : IDi! = IDj

{
¬
(
(AUXp(xauxi

, AUXki
) ⇔ AUXp(xauxj

, AUXkj
)

)
⇔

¬
(
IDp(xreidi

, IDi) ⇔ IDp(xreidj
, IDj))

)}) (4)
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– Rule #2: Images with different damage types, but with the same
ID label, must be assigned to the same ID. After selecting only pairs
of images that (do not) have the same ID (guarded condition), we ask the
network to ensure that two images, one with an undamaged instance xreidundi

and one with a damaged instance xreiddmgj
, (do not) have the same IDs; this

is computed for each type of damage and each missing part

∀Diag(xreiddmgi
, IDi)

(
∀Diag(xreidundj

, IDj)

IDi, IDj : IDi == IDj

{
IDp(xreiddmgi

, IDi) ⇔ IDp(xreidundj
, IDj)

}) (5)

∀Diag(xreiddmgi
, IDi)

(
∀Diag(xreidundj

, IDj)

IDi, IDj : IDi! = IDj

{
¬
(
IDp(xreiddmgi

, IDi) ⇔ IDp(xreidundj
, IDj)

)}) (6)

– Rule #3: Images with the same ID labels must be grounded by
feature vectors that are close in the embedding space. After selecting
only pairs of images that (do not) have the same ID (guarded condition),
we ask the network to ensure that two images (do not) have close output
features from the ReID branch

∀Diag(xreidi
, IDi)

(
∀Diag(xreidj

, IDj)

IDi, IDj : IDi == IDj

{
SameInstance(xreidi , xreidj )

}) (7)

∀Diag(xreidi
, IDi)

(
∀Diag(xreidj

, IDj)

IDi, IDj : IDi! = IDj

{
¬SameInstance(xreidi , xreidj )

}) (8)

We also add another set of axioms for the classification of the k-th bike
attribute:

∀Diag(xaux, AUXk) AUXp(xaux, AUXk) (9)

In addition to the axioms above, we also analyze an additional axiom which
computes the ID classification as follows:

∀Diag(xreid, ID) IDp(xreid, ID) (10)

This axiom is not included in the total satisfiability computation (that is,
the LTN loss) since the ID classification is already trained through the global
ReID branch.

Each axiom is computed five times, once for the output of the global ReID
branch and once for each of the four local outputs of the JPM branch.
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3.3 Loss Computation

For the loss calculation, after computing TotSat as the final satisfiability of the
Knowledge Base, we add the obtained LTN loss as LLTN = 1 − TotSat to the
original loss of TransReI3D LTReI3D, which has the following form:

Lfinal = LTReI3D + LLTN (11)

with LTReI3D having the following structure from [21]:

LTReI3D = αLID (fg) + βLT (fg) + γLD (fd)

+
1

k

k∑
j=1

(
LID

(
f jl

)
+ LT

(
f jl

)) (12)

where LT and LID are the triplet loss and the ID cross-entropy loss, LD is
the damage detection loss, k (= 4) is the number of classification outputs of
the JPM branch, and fg, fl, and fd are the output [cls] features of the global
branch, the jigsaw branch, and of the damage detection branch, respectively. To
compute LT , triplets with hard negative and positive mining are sampled online
from each batch.

At inference time, the logical rules are not used, as they are only used to
support model training by integrating a semantic component to the loss.

4 Experimental Settings

4.1 Dataset

We used the Bent&Broken bicycle dataset [21] with the same split for train-
ing and validation as in the original paper. The dataset contains synthetically
generated bicycle images both before and after undergoing damage to simulta-
neously solve the Damage Detection and ReID tasks, and includes challenges
such as missing parts, changes in viewpoint, and dirt. The dataset also contains
additional attributes for each image, such as the model, type of bicycle, color
and texture of the frame, and presence of stickers. The dataset contains a total
of 39,200 images of 2,800 unique IDs, each defined by a unique combination of
additional information. There are two types of damage, namely frame bending
and frame breaking, which are not mutually exclusive, and up to five parts can
be missing from each bicycle, including the two wheels, hand brake, pedals and
seat. There are 20 base models, which are divided into 6 types of bicycles. For the
frame, there are six texture patterns in different styles, with both the base and
pattern colors selected from a pool of 50 colors each. A bike can contain a top
and/or bottom sticker, both selected from a pool of 11 stickers. We performed
two sets of experiments: one in which only the bike type and model are predicted,
and one in which all attributes are used. Based on preliminary experiments, bike
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type and model appeared potentially easier to classify, also taking into account
that random data augmentation may occasionally disturb the detection of color,
texture and stickers.

4.2 Hyperparamenters

Experiments were performed on a NVIDIA TITAN XP with 12 GB of VRAM.
L-TransReI3D was trained for 20 epochs with batch size equal to 16, learning
rate 1e-2, weight decay 1e-4, and OneCycle scheduler with a warm-up period of
5 epochs. The experiments were run 3 times with and without the LTN compo-
nent. The metrics used were mean average precision (mAP) and Recall@K with
K=1, 5, 10.
Each trainable predicate consists of a FC layer with an input size of 768, equal
to the embedding size, and an output size that depends on the predicted in-
formation (i.e., ID, bike model, bike type, etc..). The total satisfiability of the
knowledge base TotSat was calculated in the following order: first, for each dual
rule pair defined in Section 3.2, the axioms calculated on the global ReID branch
output and the local ReID JPM branch outputs are aggregated, obtaining their
respective rule satisfiability; then all rule satisfiabilities are aggregated to obtain
the total final satisfiability.

For the aggregation, as suggested by [1], we approximate the universal ∀
quantifier with the generalized mean w.r.t. error aggregator:

ApME = 1−
(
1

n

n∑
i=1

(1− ai)
p∀

) 1
p∀

(13)

with the parameter p∀ defining the stringency in computing the satisfiability of
logical constraints. This parameter was scheduled starting at p∀ = 2 and then
increasing to p∀ = 4 at the halfway point, after the 10th epoch, since higher p
values at the beginning of training might prevent the network from converging,
as previously reported by [1]. It should be noted that, while the ApME is also
used to aggregate all axioms (see Eq. 2), the scheduling of p∀ was only applied
to the ∀ quantifiers.

5 Results

The results comparison of L-TReI3D with the original TransReI3D architecture
are shown in Table 1. Two versions of the LTN were compared, using a subset
(mAP=85.7) or all (mAP=85.0) the attributes, and both achieve similar perfor-
mance to the original network (mAP=85.3). Fig. 2 shows some query examples
with the corresponding similarity values.

Information about the learning behavior of the network can also be extracted
from the satisfiability of the logical rules. For this purpose, Figure 3 shows, for
each rule presented in Section 3.2, the satisfiability of their respective dual axiom
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Fig. 2: Retrieval results (Top-5 images) for the network (ID and similarity scores).
The correct ID is retrieved despite the presence of missing parts (ID 15), bent
(ID 15), or broken (ID 19) frame.

Table 1: Performance comparison of L-TransReI3D with the original TransReI3D
on the validation set. Mean average accuracy (mAP) and R@K with K=1,5,10
are given along with standard deviation over 3 replicates. L-TReID (subset)
represents the configuration using only a subset of the additional features, while
L-TReID (all) uses all of them.

Network mAP R@1 R@5 R@10

TransReI3D 85.3 ± 0.2 79.8 ± 0.7 91.9 ± 1.1 96.3 ± 0.5
L-TReI3D (subset) 85.7 ± 0.1 79.8 ± 0.5 93 ± 0.3 96.2 ± 0.4
L-TReI3D (all) 85.0 79.1 93.1 96.3

pairs; results were reported on the experiment in which all attributes were used
during training.

As shown in Figure 3a, for Rule #1, axioms (3) and (4) start with a satisfi-
ability of 0.82 and then drop to 0.66 each: this, together with the satisfiability
of (8) and (9) and the classification accuracies obtained on the additional bike
attributes (which are lower than 20%), suggests that the network has difficulty
classifying the bike attributes and correlating them with the corresponding IDs.
This could also indicate that the selected bike attributes are not as relevant to
the network during ID classification as the training progresses.

In Figure 3b, for Rule #2, axioms (5) and (6) - shown separately for each
individual type of predicted damage and missing part - provide another inter-
esting clue: while the performance of the positive axiom (5) slowly decreases
as training progresses, the performance of negative axiom (6), on the contrary,
increases. This suggests that, as training progresses, the network finds it more
difficult to associate damaged and undamaged instances of the same bike to the
same IDs. In addition, axioms related to bent and broken damage show stronger
behavior than those related to missing parts, suggesting that the former have a
stronger influence on the classification. An explanation for this last result could
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(a) Axioms (3) and (4) for Rule #1 (b) Axioms (5) and (6) for Rule #2

(c) Axioms (7) and (8) for Rule #3 (d) Axioms (9) and (10)

Fig. 3: Satisfiability for the proposed axioms over 20 epochs. Axioms (5) and (6)
are depicted separately for each individual type of predicted damage and missing
part. Axioms (9) and (10) (bottom right) are also shown together because of the
similarity of their logical rules.

likely be derived from the fact that most of the auxiliary attributes that define
an ID in the Bent&Broken Bicycle dataset (see Section 4.1), such as bicycle type,
model, sticker, and frame color and texture, are associated with the frame and
not with the missing parts, making the changes to the frame caused by the two
types of damage more influential on the ReID task than the removal of any of
the other parts.

In Figure 3c, for Rule #3, axioms (7) and (8) provide some information about
the behavior of the network when it relates features of frames with similar and
different IDs: the positive axiom (7) indicates that the network is relatively good
at associating features of bikes belonging to the same IDs from the beginning,
while the negative axiom (8) shows that it has difficulty separating features of
bikes with different IDs.
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Finally, in Figure 3d, Axiom (9) shows that the network has difficulty clas-
sifying bike attributes, which may suggest that such fine-grained characteristics
may be too difficult to learn using only an LTN-based loss. Second, Axiom (10)
shows that the network only partially learns to classify IDs correctly, suggesting
that the effectiveness of the training process largely depends on the triplet loss,
rather than the cross entropy used for ID classification.

6 Conclusions

This research investigated the application of NeSy machine learning to object
ReID by combining the LTN framework with the TransRe3ID network baseline.
Experimental results show the feasibility of applying this framework on a com-
plex computer vision task such as instance-level image retrieval. On the other
hand, we observed limited performance improvements, probably due to the fact
that the network was able to recover from the Bent&Broken dataset from those
already implicit in the original ID labels. Classifying the auxiliary attributes
has also proven to be a difficult task for the network. On the other hand, the
integration of NeSy machine learning techniques provides a novel method for
analyzing the training behavior of the network, which could potentially pave the
way for more effective explicability of object ReID architectures. Future research
may explore NeSy techniques that differ from LTNs, evolve the proposed logical
constraints by providing additional or entirely new rules, or, as mentioned ear-
lier, attempt to optimize and extend the classification task for bike attributes.
Finally, the proposed technique should be further investigated in the small data
regime.
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