
An End-to-End Class-Aware and Attention-Guided
Model for Object State Classification

Filippos Gouidis1,2, Konstantinos Papoutsakis1, Theodore Patkos1, Antonis Argyros1,2, Dimitris Plexousakis1,2

1Foundation For Research and Technology - Hellas, Heraklion, Greece
2University of Crete, Heraklion, Greece

Email: {gouidis,papoutsa,patkos,argyros,dp}@ics.forth.gr

Abstract—Object State Classification (OSC) is a critical task
in computer vision, enabling systems to understand the func-
tional state of objects. This work proposes a novel end-to-end
architecture for OSC that leverages the inherent relationship
between object classification and state recognition. Our approach
first classifies the object and then uses object-specific attention
mechanisms to focus on relevant features for state classification.
This two-stage design allows the model to effectively capture
object-state dependencies while maintaining modularity and
flexibility. We conduct an extensive ablation study to analyze the
impact of key parameters, such as attention mechanisms and loss
weighting, and evaluate our method against three baselines across
four benchmark datasets. Experimental results demonstrate that
our approach outperforms competing methods by a significant
margin, achieving state-of-the-art performance.

Index Terms—Object State Classification, Object Recognition,
Attention Mechanisms, Multi-task Learning

I. INTRODUCTION

An object’s usability is inherently linked to its current state.
For instance, the actions that an object can afford — such as
opening, closing, turning on, or turning off—are dictated by its
current state, i.e. whether it is ”open” or ”closed”. Accurately
assessing an object’s state is therefore crucial for autonomous
systems and intelligent agents, allowing them to interpret the
object’s status and affordances, anticipate possible interactions,
and plan appropriate system actions effectively. Thus, the
recognition of object states and their transitions is essential for
understanding an object’s condition, the interactions performed
on it, and its affordances [1]. This underscores the importance
of the Object State Classification (OSC) task in computer
vision, which enhances the functionality of AI systems in
applications such as learning object affordances [2], recog-
nizing human-object interactions [3], reasoning about state
transitions [4], and assessing task completion or failure [5].

Despite its significance, research on OSC remains relatively
sparse compared to the extensive work on object classification.
Recent years, however, have seen growing interest in this area,
with several studies addressing the problem [6], [7], [8], [9].
OSC presents unique challenges: subtle visual details often
distinguish different states. States exhibit significant intra-
class variability, as visually distinct objects can share the
same state. Moreover, states are inherently object category-
dependent, meaning they are only applicable to specific object
types, further complicating the classification process. Finally,

defining precise boundaries between state classes can be highly
challenging.

In this work, we introduce a novel method for OSC,
grounded on the observation that although object classification
and state recognition are both classification tasks, they require
distinct approaches. Specifically, state classification (SC) de-
pends heavily on object classification (OC), suggesting that
SC should be performed after OC, using the object class as
an informative cue. Building on this, we propose an end-to-end
architecture where object classification serves as an auxiliary
component, enhancing the accuracy and robustness of state
recognition through object-specific attention.

The main contributions of this work are as follows:

• A novel end-to-end architecture for state classification
that uses object class information to improve state clas-
sification.

• An extensive ablation study to analyze the impact of key
parameters on state classification.

• An evaluation against 3 baseline methods on 4 benchmark
datasets, showing that the proposed approach leads to
significant performance improvements.

II. RELATED WORK

Object State Classification: Object states are typically treated
as a sub-category of visual attributes — machine-detectable
and human-understandable concepts that describe objects [10].
Traditional approaches to attribute classification rely on con-
volutional neural networks (CNNs) trained with discrimina-
tive classifiers on annotated datasets [11]. However, existing
datasets for attribute and state classification are limited in
scale, diversity, and category coverage [12], [6], [13], [14],
[15], and research specifically focused on state classification
remains relatively sparse [7], [8], [16], [17], [18], [19], [20],
as opposed to the more generic tasks of attribute classification
and attribute-based object recognition [21], [22], [23], [24],
[25], [26], [27].
Attention-based Models: Recent advancements in atten-
tion mechanisms and transformer architectures have shown
promise in fine-grained recognition tasks, including object-
state classification. Multi-head attention, in particular, has
been effective in capturing diverse aspects of feature repre-
sentations [28], [29], [30], [31]. However, the application of



these techniques to object-state classification remains under-
explored. Our work bridges this gap by introducing a novel
architecture that leverages object-specific attention for state
classification, addressing the limitations of existing methods.
Modular Architectures for Multi-Task Learning: Modu-
lar architectures have gained traction in multi-task learning,
where separate modules are designed to handle distinct tasks
while sharing common features [32], [33], [34], [35]. In the
context of object-state classification, modular designs allow
for the decoupling of object and state recognition, enabling
flexible and scalable systems. Our work builds on these ideas
by introducing a modular architecture that combines object
classification with object-specific attention mechanisms for
OSC.

III. METHODOLOGY

Let O denote a set of object classes, S a set of object states
and I the set of images, respectively. We assume that each
image i ∈ I contains an object o ∈ O that is situated in a
state s ∈ S. Given the image i, the objective of OSC is to
identify the object state s ∈ S. Importantly, although the OSC
task does not deal explicitly with the classification of the object
classes, the characteristics of the set O, i.e., size, variability,
etc., affect the difficulty of the problem significantly.

We propose a novel end-to-end network architecture for
Object State Classification (OSC), comprising two key com-
ponents: an Object Classifier and a State Classifier. The Object
Classifier extracts object-specific features and predicts the
object class, while the State Classifier leverages attention
mechanisms to determine the object’s state. A distinguishing
aspect of our approach is the dependency of the attention
mechanisms on the predicted object class, facilitating object-
specific feature refinement for improved state classification.
Furthermore, the modular design of our framework allows flex-
ibility in selecting the object classifier, accommodating both
off-the-shelf and custom models. The training and inference
pipeline follows a four-stage process:

1) Extraction of deep feature representations using the object
classifier.

2) Prediction of the object class using the object classifier
head.

3) Application of object-specific attention to the extracted
features based on the predicted object class.

4) Prediction of the state class using the refined features.
The basic network components of the model are:
Backbone Feature Extractor: The backbone extracts feature
representations from the input image i. The final layer is
removed, and the penultimate layer’s output (a D-dimensional
feature vector) is used as input for subsequent classifiers. For
instance, if ResNet-101 is used as the backbone, D = 2048.
Object Classifier Head: The object classifier head maps the
extracted features to Nobj object classes using a single linear
layer:

yobj = Softmax(Wox+ bo), (1)

where Wo ∈ RNobj×D and bo ∈ RNobj are learnable parameters.

Fig. 1: Illustration of the proposed architecture which consists
of two components: an object and a state classifier. The object
classifier processes an input image, extracts features, and
predicts the object class. These features are passed to the state
classifier, which employs a multi-head attention mechanism.
The attention weights are determined by the predicted object
class, enabling object-specific state classification. Best viewed
with zoom and color.

Multi-Head Attention State Classifier: The state classifier
employs multi-head attention to focus on diverse aspects of
the extracted feature representations. Let X ∈ RB×D denote
the input feature matrix, where B is the batch size and D is
the feature dimensionality.
Base attention formulation. For each of the H attention heads,
the model learns query, key, and value projections:

Qh = XWQ
h , Kh = XWK

h , Vh = XWV
h , (2)

where WQ
h ,W

K
h ,WV

h ∈ RD×dk , and dk = D/H . The
attention weights and context vectors are computed as:

Ah = softmax
(
QhK

⊤
h√

dk

)
, Ch = AhVh. (3)

The outputs of all heads are concatenated and projected:

C = Concat(C1, . . . ,CH), Z = CWo, (4)

where Wo ∈ RD×D. Finally, a residual connection and layer
normalization yield:

Y = LayerNorm(Z+X). (5)

Object-dependent attention. To incorporate object-specific pri-
ors, the attention parameters are conditioned on the predicted
object class yobj. Each object class c ∈ {1, . . . , Nobj} has a
distinct set of projection matrices:

WQ
h,c, W

K
h,c, W

V
h,c ∈ RD×dk , Wo,c ∈ RD×D. (6)

For a predicted object class yobj = c, the corresponding
parameters are selected:

Qh,c = XWQ
h,c, Kh,c = XWK

h,c, Vh,c = XWV
h,c, (7)

Ah,c = softmax

(
Qh,cK

⊤
h,c√

dk

)
, Ch,c = Ah,cVh,c. (8)

The object class-specific attention output is then obtained as:

Cc = Concat(C1,c, . . . ,CH,c),Zc = CcWo,c,

Y = LayerNorm(ZcWo,c +X).
(9)



TABLE I: Ablation study for the parameter γ. First/Second
value in each cell corresponds to Weighted Accuracy/Average
Accuracy. The reported values have been averaged over the 5
different values of the number of attention heads (see Table II).

γ OSDD CGQA MIT VAW
0.0 13.3/12.5 12.2/12.4 10.4/9.9 11.4/12.8
0.1 63.7/60.5 36.4/33.4 49.9/41.5 34.6/35.9
0.2 62.6/60.2 33.0/35.4 46.5/37.4 32.7/35.3
0.3 61.2/60.1 35.8/34.2 46.5/37.9 33.6/35.5
0.4 61.8/59.1 32.7/36.2 45.8/37.6 33.4/35.3
0.5 60.4/59.1 36.4/34.5 47.5/39.8 34.3/35.8
0.6 60.3/58.4 34.5/31.7 46.8/38.3 34.3/34.4
0.7 60.0/58.5 32.4/30.7 43.1/35.4 32.8/33.8
0.8 58.3/57.2 33.5/32.8 44.4/37.6 33.0/32.8
0.9 55.7/53.2 32.1/30.7 38.1/31.1 29.8/28.5
1.0 56.5/54.4 24.7/29.6 40.2/35.6 26.6/27.7

The resulting object-conditioned representation Y is passed to
the state classifier, which produces the final state probabilities:

yst = softmax(YWs + bs), (10)

where Ws ∈ RD×Nst and bs ∈ RNst are learnable parameters.
Training Objective: The network is optimized using a
weighted loss function that balances object and state classi-
fication:

L = (1− γ)Lobj + γLst, (11)

where Lobj and Lstate are the losses for object and state
classification, respectively, and γ ∈ [0, 1] controls the relative
importance of object and state classification.

The object and state classification losses Lobj and Lstate are
computed using the cross-entropy loss function as follows:

Lobj = − 1

B

B∑
i=1

Nobj∑
j=1

yobj,ij log(ŷobj,ij), (12)

Lst = − 1

B

B∑
i=1

Nst∑
k=1

yst,ik log(ŷst,ik), (13)

where B is the batch size, Nobj is the number of object classes,
yobj,ij is the ground truth label for object class j in sample i,
ŷobj,ij is the predicted probability for object class j in sample
i. Nst is the number of state classes, yst,ik is the ground truth
label for state class k in sample i, and ŷst,ik is the predicted
probability for state class k in sample i.

IV. EXPERIMENTAL EVALUATION

Implementation Details: The visual backbone employed for
object classification is the CNN-based ResNet-101 model [36].
Training was conducted for 30 × N iterations, where N
denotes the number of target state classes. The model was
optimized using stochastic gradient descent (SGD) with a
learning rate of 0.0001 and a momentum of 0.9. The evaluation
was performed on four benchmark Object State Datasets:
OSDD [7], CGQA [15], MIT [6], and VAW [37].

Evaluation Scenarios: We consider 2 evaluation scenarios:

• Intra-dataset evaluation, where training and testing are
conducted on the same dataset.

TABLE II: Ablation study for the number of attention heads.
First/Second value in each cell corresponds to Weighted
Accuracy/Average Accuracy. The reported values have been
averaged over the 11 different values of the γ parameter (see
Table I).

Heads OSDD CGQA MIT VAW
2 60.0/58.2 34.9/32.1 44.6/37.5 33.4/33.9
4 60.4/58.4 34.8/34.3 46.5/38.6 33.3/33.4
8 59.8/57.6 33.0/33.4 44.4/36.7 32.4/33.6

16 60.1/57.7 32.4/32.5 44.2/36.3 32.1/33.4
32 60.0/58.4 30.7/32.2 44.6/37.1 31.5/33.2

• Inter-dataset evaluation, where training is performed on
one dataset and testing on other datasets.

Metrics: Model assessment employs two evaluation metrics:

• Weighted Accuracy (WA) – WA aggregates class-wise
accuracies weighted by the relative frequency of each
class, followed by computing the weighted average.

• Average Accuracy (AA) – AA assigns equal weights to
all classes, computing their average accuracy.

Ablation Study: The ablation study investigates the impact of
the γ parameter and the number of attention heads on model
performance. Experiments were conducted using 11 different
γ values and five distinct attention head configurations. Due
to space constraints, we present only the results for the model
trained on OSDD (see Table I and Table II). Regarding the γ
parameter, the best performance was observed at γ = 0.1,
followed by γ = 0.2. Conversely, the worst performance
was recorded for γ = 0. Overall, performance deteriorated
as γ increased, highlighting the role of object classification
in the whole procedure.For the number of attention heads,
the optimal results were obtained with 4 heads, followed by
2 heads. The lowest performance was observed with eight
heads. Unlike the γ parameter, no clear trend was evident in
the impact of the number of attention heads. These findings
suggest that a small number of attention heads is sufficient for
optimal performance, as increasing the number of heads does
not yield further improvements.
Comparison with baseline methods: To evaluate the effec-
tiveness of our proposed model, we compare it against three
baseline methods:

• Object-Agnostic State Classifier (OA-SC): A classifier
trained to recognize object states without explicitly lever-
aging object class information.

• Two-Stage State Classifier (TS-SC): A sequential ap-
proach where the object class is first predicted, followed
by an object-specific state classifier to determine the
object state.

• Object-State Pair Classifier (OSPC): A model trained to
jointly classify both the object class and its state.

To ensure a fair comparison, the three baseline methods
employ ResNet-101 as visual backbone which is the same
classifier that our model uses as object classifier. Although
all 3 baseline methods share some characteristics with our



TABLE III: Experimental results. 1st/2nd/3rd/4th value in each cell corresponds to the performance of our method/OA-SC/TS-
SC/OSPC, respectively. WA: Weighted Accuracy. AA: Average Accuracy. Bold/Underline: Best/Second best performance.

Metric Train
Test OSDD CGQA MIT VAW

WA OSDD 64.4 / 63.2 / 64.3 / 43.3 39.1 / 37.2 / 16.2 / 25.9 50.0 / 29.1 / 14.7 / 30.0 39.5 / 37.2 / 36.4 / 27.1
AA 60.5 / 61.0 / 57.4 / 46.1 34.8 / 32.7 / 15.5 / 23.1 42.4 / 30.5 / 5.6 / 20.5 37.9 / 34.0 / 26.4 / 20.3
WA CGQA 36.2 / 32.1 / 23.2 / 25.7 69.8 / 65.7/68.7 / 48.5 44.6 / 20.9 / 44.0 / 37.1 52.2 / 48.2 / 15.7 / 32.9
AA 39.0 / 18.4 / 28.6 / 29.4 47.7 / 40.1 / 53.2 / 34.5 37.9 / 25.2 / 28.3 / 24.3 41.4 / 19.4 / 19.8 / 21.6
WA MIT 35.1 / 35.6 / 37.1 / 25.1 35.5 / 20.0 / 53.8 / 20.7 76.8 / 81.0 / 66.0 / 61.6 35.9 / 33.7 / 10.7 / 25.0
AA 46.8 / 20.8 / 22.3 / 20.7 35.6 / 34.0 / 16.7 / 21.8 75.5 / 76.4 / 55.0 / 54.9 44.8 / 22.4 / 6.8 / 25.2
WA VAW 35.4 / 29.6 / 30.9 / 24.0 66.5 / 65.6 / 11.2 / 51.5 43.2 / 40.0 / 12.5 / 35.3 63.6 / 62.1 / 65.6 / 51.4
AA 34.1 / 29.5 / 30.9 / 26.2 52.1 / 50.1 / 9.8 / 38.4 41.1 / 37.0 / 5.4 / 37.7 54.4 / 50.2 / 64.0 / 35.6

TABLE IV: Method ranking according to the two metrics.
1st / 2nd / 3rd / 4th value in each cell corresponds to our
method / OA-SC / TS-SC / OSPC. WA: Weighted Accuracy.
AA: Average Accuracy.

Metric Ranking OSDD CGQA MIT VAW
WA 1 3/0/1/0 2/0/2/0 3/1/0/0 3/0/1/0
WA 2 0/2/2/0 2/1/1/0 1/1/1/1 1/3/0/0
AA 1 3/0/1/0 3/0/1/0 3/1/0/0 3/0/1/0
AA 2 1/0/2/1 1/3/0/0 1/1/1/1 1/1/0/2

WA/AA 1 6/0/2/0 5/1/2/0 6/2/0/0 6/0/2/0
WA/AA 2 1/2/4/1 3/4/1/0 2/2/2/2 2/4/0/2

TABLE V: Aggregated ranking of the 4 evaluated methods.

Ranking Ours OA-SC TS-SC OSPC
1st 23 3 6 0
2nd 8 12 9 5

1st/2nd 31 15 15 5
1st/2nd (%) 96.9% 46.9% 46.9% 15.6%

approach, they also differ in key aspects. OA-SC is object-
agnostic and, therefore, cannot leverage object class informa-
tion to guide state classification. This limitation further hinders
OA-SC because object classes are typically more visually
salient than state classes, making it challenging for an object-
agnostic method to disentangle the relevant state features from
potentially misleading object features.

TS-SC is the method that most closely resembles our
approach, as it also follows a two-stage procedure. However,
there are crucial differences: TS-SC utilizes object prediction
to select an appropriate state classifier, effectively reducing
the number of possible state classes by limiting them to the
states associated with a given object class. While this approach
has the advantage of reducing the classification search space, it
does not refine the extracted object features to produce a more
informed state prediction. Instead, TS-SC applies the same
feature extraction process for both object classification and
state classification, treating them as independent tasks. This
approach is sub-optimal because object features inherently
contain valuable information for SC. Furthermore, a significant
limitation of TS-SC is that it requires training Nobj+1 models,
where Nobj is the number of object classes, making real-time
inference impractical.

OSPC is also object-agnostic, despite learning to predict
joint object-state labels. However, it does so in a semantically
unaware manner. This means that for OSPC, labels such as

“open book,” “closed book,” “open door,” and “folded shirt”
are treated as entirely separate classes. The model does not
recognize that “open book” and “closed book” share the same
object class, nor that “open book” and “open door” share the
same state class. As a result, OSPC struggles to differentiate
state-related features from object-class features. Moreover, a
major drawback of this method is its large search space, i.e.,
Nsts ×Nobjs. Based on these observations, we hypothesize the
following behavior among the three baseline methods. First,
we expect TS-SC to achieve the highest performance, while
OSPC is likely to perform the worst. Second, we anticipate
that the performance advantage of our model will be more
pronounced in inter-dataset evaluation scenarios.

The results of the experimental evaluation are summarized
in Table III, Table IV, and Table V. Across a total of 16
different evaluation scenarios (four intra-dataset and 12 inter-
dataset), our method achieves the best performance in 11 cases
using the AA metric and 12 cases using the WA metric.
Overall, our approach outperforms competing methods in 23
out of 32 instances. Furthermore, in 31 out of 32 scenarios,
our method ranks either first or second. If we examine solely
the most representative metric for each experimental scenario,
we can see that in the case of intra-dataset evaluation (WA
metric), our method ranks first in 2 out of 4 cases, while in
the case of inter-dataset evaluation (AA metric), it achieves the
best performance in 11 out of 12 cases. Among the competing
methods, the TS-SC model achieves the highest performance,
whereas the OSPC model performs the worst. However, if we
consider the significant drawbacks of TS-SC, i.e., increased
computational cost and lack of real-time inference, and focus
on comparing our model with the other 2 baselines we can see
that our method outperforms these two baselines in 28 out of
32 scenarios. The previous results corroborate our hypotheses.

V. CONCLUSION

We propose a novel end-to-end method for Object State
Classification (OSC) using a two-stage architecture that first
classifies the object and then applies object-specific attention
for state prediction. Our approach leverages the insight that
object classification aids state recognition. Through abla-
tion studies and evaluation on four benchmark datasets, we
demonstrate superior performance. In future work, we plan to
extend our method by refining further the employed attention
mechanisms.
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