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Abstract

Recent advancements in deep learning have significantly
enhanced object detection, especially in semi-supervised
contexts. We propose DocSemi, a novel end-to-end semi-
supervised document layout analysis framework that lever-
ages focused attention for efficiency, alongside a hybrid
query mechanism and guided queries for accurate docu-
ment detection. We conduct extensive experiments on several
benchmark datasets, including PubLayNet, PubTables, and
TableBank covering a wide range of document structures.
Notably, our approach requires significantly fewer training
epochs and uses adaptive query selection for better general-
ization. Experimental results on the PubLayNet dataset un-
der 10% labeled data settings show that our model achieves
competitive performance, with a mean Average Precision
(mAP) of up to 96.2% and an Average Recall of 98.3%, out-
performing prior methods in efficiency while maintaining
high accuracy. These results highlight the effectiveness of in-
tegrating focused attention and guided queries for accurate
and efficient semi-supervised document layout analysis.

1. Introduction

Document layout analysis (DLA) [5, 6, 67] focuses on identi-
fying and organizing key structural elements such as headers,
paragraphs, images, and tables within a document to ensure
a well-structured format. This task is critical for applica-
tions such as document digitization [ 1] and content extrac-
tion [12], where understanding the layout enables effective
processing. However, accurately detecting and classifying
components across diverse document formats [3, 29] is chal-
lenging due to significant variations in layouts based on the
source and content. The complexity and diversity of docu-
ment structures underscore the need for robust DLA meth-
ods [6] that generalize well across document types while
maintaining precision. However, a major challenge lies in
the limited availability of labeled data, as manually anno-
tating large-scale datasets [37] is time consuming and labor
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intensive. Semi-supervised learning [4] addresses this by
using both labeled and unlabeled data, improving the gener-
alizability and efficiency of the model in varied layouts.

Early approaches to DLA relied heavily on rule-based
methods [15, 17, 77] that used manually defined criteria to
identify structural elements. While effective for consistently
formatted documents, these methods struggled with border-
less tables and complex layouts. OCR systems [68, 80],
built on rule-based frameworks, focused mainly on text ex-
traction but lacked accuracy in detecting and organizing
non-text elements like images and tables. Deep learning
methods [2, 42], especially Convolutional Neural Networks
(CNNs) [19, 34, 76], emerged to learn layout patterns di-
rectly from data, reducing reliance on manual rules. For
example, Faster R-CNN [44] uses a two-stage process to
generate and classify region proposals, improving detection
across diverse layouts. However, these approaches require
extensive labeled data, which is often impractical to obtain.

Transformer-based models [24, 38] have revolutionized
DLA by leveraging self-attention mechanisms [86] to cap-
ture complex relationships within documents. Unlike CNNs
that focus on local information, transformers process entire
documents, better recognizing intricate layouts and spatial
relationships. Models such as Vision Transformer (ViT) [27]
and LayoutLM [21] combine visual and textual data, en-
hancing detection and classification. Pre-training on large
datasets further improves their generalization across docu-
ment types, increasing accuracy and robustness.

In object detection, DETR-based frameworks [71] utilize
one-to-one assignment techniques [30] via bipartite match-
ing [7] to match ground-truth bounding boxes with candidate
proposals efficiently. While effective with accurate ground-
truth data, this approach faces challenges in semi-supervised
settings due to training inefficiencies. One-to-many assign-
ment strategies [18] can improve proposal quality but risk
producing duplicate predictions.

To overcome these issues, we propose a DETR-based
semi-supervised object detection (SSOD) framework [63,
79] integrating both assignment methods through a Hybrid



Matching approach [58]. The one-to-one assignment uses
30 fixed object queries for stable matching, while the one-
to-many assignment employs adaptive queries ranging from
3 to 9 for flexible detection and localization. This dynamic
query configuration [64] enhances training efficiency and
enables the generation of high-quality pseudo-labels [41] for
iterative refinement.

To improve the model’s ability to capture salient features
while minimizing noise, we incorporate a Focused Atten-
tion Network (FAN) mechanism [10, 83]. FAN enables
the model to concentrate on relevant structural elements
within complex document layouts, thereby enhancing de-
tection accuracy in document layout analysis (DLA). FAN
is integrated into both the student and teacher encoder to
increase efficiency. In parallel, we adopt the guided queries
technique [78] to suppress noise—such as artifacts from
low-quality scans—and steer object queries toward stable
and informative regions. Guided queries also enhance the
quality of pseudo-labels by stabilizing query guidance. To-
gether, these components form a robust and scalable semi-
supervised framework, enabling both models [ 1, 48] to pro-
duce higher-quality predictions and achieve improved overall
accuracy

To sum up, this study provides significant advances in the
following essential areas:

We introduce a novel end-to-end semi-supervised ap-
proach for document layout analysis, leveraging focused
attention and guided queries to enhance performance with
limited labeled data.

Our approach employs adaptive hybrid matching strategy,
which combines both one-on-one and one-to-many assign-
ment methods with adaptive refinement, optimizing the
model for both labeled and unlabeled data scenarios.

A comprehensive evaluation using diverse datasets, includ-
ing PubLayNet, PubTables, and TableBank demonstrates
the effectiveness of our approach, achieving competitive
results compared to state-of-the-art approaches.

2. Related Work

The study of document analysis has advanced significantly
over the years, with various methods developed to improve
how we extract and understand information from documents.
Initially, document analysis depended on rule-based systems
that used fixed rules to identify and process document ele-
ments [23, 26]. As technology progressed, machine learning
techniques introduced more flexible and effective ways to
handle different types of documents. The introduction of
deep learning further advanced the field, providing powerful
tools for tasks such as text recognition and layout analy-
sis [36, 50]. This section summarizes the important advances
in document analysis.
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2.1. Heuristics Approaches to Deep Learning

In document layout analysis, the shift from heuristics to deep
learning represents a significant advancement in the methods
used to extract and analyze document structures. Heuristic
approaches, which rely on rule-based systems and manual
feature engineering [13, 15, 17, 46, 51], provided practical
solutions for segmenting and classifying document elements.
However, they struggled with the variety and complexity of
real-world documents, requiring extensive manual setup and
expert knowledge to set up and adjust the rules, making them
less adaptable to diverse types of documents.

Deep learning [2, 42, 50] took over rule-based algorithms
for document layout analysis, with Convolutional Neural
Networks (CNNs) [19, 25, 34] becoming the main approach
for segmenting document elements. For instance, Faster-
RCNN [44] provided strong capabilities for detecting ob-
jects within documents and was useful for page segmentation
tasks. Mask-RCNN [20] set new standards for layout seg-
mentation, particularly for newspaper elements. Another
approach, RetinaNet [33], focused on detecting keywords in
document images, although it was mainly geared towards
text regions. DeepDeSRT [49] introduced a breakthrough in
table detection by using a unique image transformation tech-
nique to recognize table structures with a fully convolutional
network. Similarly, Oliviera et al. [9] used an CNN-based
framework for accurate pixel-wise segmentation of historical
documents, surpassing earlier methods that used convolu-
tional autoencoders. The ICDAR2017 POD [47] benchmark
achieved top results using Faster-RCNN [44] for detecting
various document elements like equations and tables, while a
new cross-domain benchmark addressed the issue of domain
shifts through adaptation strategies.Recently, Yang et al. set
anew benchmark with a vision-based layout detection model
that utilized synthetic PDF documents and a recurrent CNN
with the VoVNet-v2 backbone [75], enhancing segmentation
for scientific documents. Meanwhile, Li et al. [31] devel-
oped a multimodal framework for understanding structured
text in documents, though it struggled with text containing
similar contextual information.

2.2. State-of-the-Art Methods in DLA

Recent progress in document analysis have been greatly
influenced by cutting-edge deep learning techniques, trans-
forming the way documents are processed and understood.
Transformer-based models [38, 54], such as DiT [27] and
LayoutLMv3 [21], have set new standards in document
analysis by leveraging sophisticated self-attention mech-
anisms [69] and positional embeddings [74]. DiT [27]
has excelled in tasks such as document image classifica-
tion and layout analysis, showing exceptional performance
with large, unlabeled datasets through self-supervised learn-
ing. However, this approach may be less effective with
smaller datasets, such as those from specialized sources like



PRIMA [35]. To address these limitations, the TILT [40]
mechanism has been introduced, enabling simultaneous
learning of textual, visual, and layout features through an
encoder-decoder Transformer architecture [69]. Addition-
ally, LayoutLMv3 [21] has achieved significant results by
integrating text, layout, and visual information, though it
faces challenges with smaller datasets. Other contemporary
models have also employed joint pretraining to enhance var-
ious document analysis tasks, but they often struggle with
domain adaptation and limited class information. The Vision
Grid Transformer (VGT) [14] further advances the field with
its two-stage visual pre-training process, though it comes
with longer inference times.

Graph-Based Methods [55, 70] leverage the inherent
structure of documents by representing them as graphs,
where nodes correspond to elements such as text blocks
or tables, and edges capture their relationships and spatial
arrangements. This method allows a deeper understanding of
the document’s structure and relationships between its com-
ponents. For example, Graph Neural Networks (GNNs) [84]
can be employed to analyze and extract hierarchical and re-
lational information from documents, facilitating improved
layout analysis and information retrieval. Graph-based meth-
ods are particularly effective in scenarios where the doc-
ument’s structure is crucial, such as in complex forms or
documents with Complex layouts.

Semi-supervised learning [4, 56, 60, 79] leverages both
labeled and unlabeled data to improve model performance,
addressing the challenge of limited labeled data in many
domains. In document analysis, this approach typically em-
ploys techniques such as pseudo-labeling [41, 52, 63], where
the model generates labels for unlabeled data based on its
predictions, thereby expanding the training set with addi-
tional labeled examples. Consistency regularization [22]
enhances robustness by encouraging the model to produce
consistent predictions for augmented versions of the same
input. Additionally, self-training [86] iteratively refines the
model using its own predictions as pseudo-labels. These
techniques collectively improve the model’s ability to gener-
alize across diverse document types and boost accuracy in
tasks such as text recognition and layout analysis.

However, existing semi-supervised methods [4, 56, 59,
79] often struggle with noisy pseudo-labels and complex doc-
ument layouts. To address these challenges, our approach
employs a teacher-student framework [1] enhanced with Fo-
cused Attention [10, 83] to better capture layout features.
We further introduce a Guided Queries strategy [78] that
combines fixed and adaptive queries for improved detection.
Moreover, cross-view query consistency and variance filter-
ing techniques are incorporated to ensure that only reliable
pseudo-labels guide the training process.
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3. Our approach

3.1. Preliminary

Our objective is to enhance the performance of semi-
supervised object detection. This scenario involves training
with both labeled image sets Dy = {z$}Y*, and unlabeled
image sets D,, = {z}* , where N, represents the number
of labeled images and IV,, represents the number of unlabeled
images. For the labeled images x*, the associated annota-
tions y° include information about the coordinates and cate-
gories of all bounding boxes. Our framework, illustrated in
Figure 1, is built on a teacher-student architecture designed
specifically for semi-supervised document object detection.
The teacher and student networks [1] differ in the types
of augmentations [43] applied to input data. The teacher
receives weakly augmented images [81] to preserve the orig-
inal layout and structural integrity of the document, while the
student is trained on strongly augmented images [73]. This
design enables the teacher to generate stable and reliable
pseudo-labels [41, 52, 63], while encouraging the student
to learn more robust and generalizable representations un-
der diverse input conditions. Both the teacher and student
encoders utilize the Focused Attention mechanism, which
integrates spatial and channel-wise attention to effectively
capture key layout features, as detailed in Section 3.2. Fur-
thermore, as described in Section 3.3, a Guided Queries
strategy and cross-view query consistency is applied during
decoding to improve robustness against noisy predictions
from unlabeled data. Section 3.4 details the loss functions
that guide learning in both supervised and unsupervised set-
tings.

3.2. Focused Attention Mechanism

Focused Attention [10, 83] is a hybrid attention mechanism
that combines both multi-head self-attention [69] and chan-
nel attention [8, 72] to enhance the model’s ability to focus
on critical aspects of the input data.

Our approach integrates the focused Attention module
within both the student and teacher encoders. As illustrated
in Figure 1, a 3 x 3 convolution C with padding is first applied
to the input feature map X € RH*WXC o capture local
spatial features while preserving spatial dimensions:

(D

The resulting feature map X' is then passed through a
multi-head self-attention (MHSA) mechanism. The input is
projected into queries @, keys K, and values V" as follows:

2

where Wq, Wi, and Wy, are learned projection matrices.
Each attention head ¢ computes:

X' =C(X)

Q=XWqy, K=XWg, V=XWy

head; = Attention(QW<, KWK, vwY)  (3)
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Figure 1. Our approach consists of two main modules: the student and teacher modules. The decoder in both modules utilizes a combination
of one-to-one and one-to-many assignment strategies. In the teacher module, the one-to-many assignment strategy is employed to generate
high-quality pseudo-labels, which are then used to enhance performance with limited labeled data. The student module, on the other hand,
uses the one-to-many strategy to produce accurate predictions, while the one-to-one assignment strategy is applied to filter out redundant
predictions, ensuring cleaner results. Both modules leverage focused attention mechanisms, incorporating channel attention, multi-head
self-attention, and multilayer perceptrons to refine the queries (adaptive and fixed) and improve overall accuracy.

where WQ W, and W} are the projection matrices spe-
cific to the i-th head.

The outputs from all heads are concatenated and pro-
jected:

MHSA (X") head,)Wo — (4)

where W is a learned output projection matrix.

The output of MHSA is passed through a residual con-
nection and normalization (e.g., LayerNorm), followed by a
Multi-Layer Perceptron (MLP):

= Concat(heady, .. .,

(&)

The MLP consists of fully connected layers interleaved
with non-linear activations, further refining the representa-
tion [39, 61, 66]. To further optimize performance, channel
attention [8, 72] is incorporated. The feature map is reshaped
into X. € RE*N where N = H x W, and channel-wise

self-attention is computed as:
Softmax(Q..) Softmax(K,) " )

YZ”( Va

where Q., K. € R™N d is the reduced dimensionality
of each channel vector, and ¢ denotes the sigmoid activa-
tion function. The final recalibrated output is obtained via
element-wise multiplication:

X = MLP(Norm(X’ + MHSA(X")))

(6)

X =Y O X 7

where © denotes element-wise multiplication, allowing the
model to focus on the most informative feature channels.
The teacher model is updated from the student model
using Exponential Moving Average (EMA) [65], which sta-
bilizes training and produces high-quality pseudo-labels. By
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leveraging focused Attention in both models, we ensure con-
tinuous refinement and robust feature alignment, ultimately
improving the effectiveness of document layout analysis
while prioritizing essential spatial and channel-wise infor-
mation throughout the learning process.

3.3. Guided Queries Strategy

We propose a hybrid query strategy that combines one-to-
one and one-to-many assignment approaches to improve
semi-supervised object detection. Our model uses 30 fixed
queries (). for one-to-one matching, providing clean and
precise detections, and 3-9 adaptive queries (); for one-to-
many matching, improving coverage and recall. The encoder
in both the student and teacher models generates the fixed
object queries Q.. Foreground queries from the teacher,
based on high-confidence predictions from unlabeled data,
serve as adaptive queries ;. These adaptive queries are
concatenated with the fixed queries and passed through the
decoder in both the teacher and student models.

This hybrid approach balances precision and flexibility,
resulting in more robust and accurate layout detection:

@ = Concat(Q.., Q;)

30xd
]R 9

®)

where Q; e R4 ke [3,9)].

Q. €

To mitigate the impact of noisy outputs, the Guided
Queries Strategy [78] applies two filtering steps to the stu-
dent’s predictions on unlabeled data: confidence score filter-
ing and variance filtering.

Confidence score filtering retains only predictions with
classification confidence above a threshold 7:

9 ={y | score(y) > 75} 9)



Method Epochs Queries 10% Label 30% Label 50% Label

mAP AP AP75 mAP AP AP75 mAP AP AP75
Deformable-semi [53] 150 30 88.4 98.5 97.3 90.3 98.8 97.5 90.9 97.4 94.9
SAM-semi [57] 120 30 89.9 97.1 94.3 92.8 98.8 97.3 93.2 97.7 95.0
I. Ehsan [16] 150 30 + 400 97.4 98.5 98.3 97.9 98.7 98.5 98.6 98.9 99.3
our 12 30 + Adaptive 96.2 97.7 97.6 96.2 97.7 97.4 95.9 97.7 97.5

Table 1. Comparison of model performance on the PubLayNet table class dataset using 10%, 30%, and 50% labeled data. mAP, AP and
AP? are evaluated for three models: Deformable-semi, SAM-semi, I. Ehsan, and our model.

10% Label 30% Label 50% Label

Method Epochs  Queries

P ARy ARy AR, Dataset Labels mAP APY® AP”S AR,
Deformable-semi [53] 150 30 91.0 93.2 96.6 10% 962 977 976 982
SAM-semi [57] 120 30 96.6 96.0 973 PubLayNet 30% 96.2 97.7 97.4 98.3
1. Ehsan [16] 150 30 + 400 97.6 98.1 99.2 50% 95.9 97.7 97.5 98.0
Ours 12 30+ Adaptive ~ 98.2 98.3 98.0

Table 2. ARy comparison across models for 10%, 30%, and 50% labeled

data on PubLayNet.
Method Approach 10% 30% 50%
Ren et al. [45] Supervised 83.4 86.6 87.9
Zhu et al. [85] Supervised 83.9 86.8 88.1
Ours Semi-supervised 96.2 96.2 95.9

Table 4. Comparison of our semi-supervised method with prior
approaches on the PubLayNet table class, using 10%, 30%, and
50% labeled data. Results are reported in mAP.

Variance filtering removes predictions with high uncer-
tainty by computing the variance of predictions across mul-
tiple augmented views and discarding those with variance
exceeding a threshold 7,:

1
M

M
> llym —9ll3

m=1

Var(y) (10)

where M is the number of augmented views, y,, is the
prediction from the m-th view, and

(1)

is the mean prediction across views having Predictions as
follows:

Var(y) > 7, (12)

are discarded. These filters ensure that only high-confidence,
low-variance pseudo-labels contribute to training, signifi-
cantly improving the learning signal from unlabeled doc-
uments. To further enhance pseudo-label reliability and

the model’s robustness across diverse layouts, we introduce
cross-view query consistency. This mechanism ensures that
object queries remain semantically aligned across different
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Table 3. Performance of our model on PubLayNet across
different label percentages.

100

100 98.3

96.6 98:2 96.0
91.0 222
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SAM-semi (30 queries)
Our (30 + Adaptive queries)

Figure 2. Performance comparison on PubLayNet for different la-
bels (10%, 30%, and 50%) on PubLayNet, The results are presented
as follows: (a) mAP comparison for Deformable-semi, SAM-semi,
and Our model (b) AR, comparison between Deformable-semi,
SAM-semi, and Our model.

augmented views, reinforcing detection of invariant struc-
tural features. Enforcing consistency across views improves
generalization to unseen document layouts by aligning pre-
dictions under format, scale, and spatial variations.

3.4. Loss Function

As shown in Figure. 1, our loss function combines a super-
vised loss L, on labeled data and an unsupervised loss £, on
pseudo-labeled data to enhance document layout analysis:

L=Ls+ Ny (13)

Here, L, is calculated using the DETR classification and
regression objectives in the box of bounds on the labeled data.
The unsupervised loss £, is computed on unlabeled data
using pseudo-labels generated by the teacher model under
weak augmentation. The weighting coefficient A\ balances
the contributions unsupervised loss.



Method Epochs Queries 10% Label 30% Label 50% Label

mAP AP AP75 mAP AP AP75 mAP AP AP73
SAM-semi [57] 120 30 92.3 93.7 93.8 93.5 94.8 93.7 93.8 94.8 94.8
our 12 30 + Adaptive 93.1 98.8 96.6 95.5 98.9 98.0 95.5 99.4 98.7

Table 5. Comparison of model performance on the PubTables using 10%, 30%, and 50% labeled data. mAP, AP*°, and AP”® are evaluated

for SAM-semi, and our model.

50 75
Method Epochs  Queries 10% Label 30% Label 50% Label Dataset Labels mAP AP AP AR,
ARy, ARy, ARy, 10% 931 988 966 953
SAM.semi [57] 120 0 a8 81 583 PubTables  30% 955 989 980 972
our 12 30 + Adaptive 953 97.2 97.5 50% 955 994 987 975

Table 6. Comparison of AR, values between the SAM-semi and our

approach on PubTables with 10%, 30%, and 50% labeled data.)
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Figure 3. Visualization of detection predictions produced by our
approach on the PubLayNet. For a clearer view, please zoom in.

4. Experiments

Dataset: We use three benchmark datasets: PubLayNet [82],
PubTables-1M [62], and Table-Bank [28] to evaluate our
method. PubLayNet [82] is a large-scale dataset of scientific
article pages, comprising more than 360 000 images, anno-
tated with bounding boxes (and polygonal masks) for layout
elements like text blocks, figures, and tables, created by auto-
matically aligning PubMed Central PDF and XML sources.
PubTables-1M [62] comprises nearly one million tables ex-
tracted from scholarly articles, with fine-grained annotations
for table detection, structure (rows, columns, cells), and
functional analysis, and includes a canonicalization step to
address ground-truth inconsistencies. TableBank [28] offers
417 234 high-quality, image-based table annotations gath-
ered via weak supervision from Word and LaTeX documents
on the web, enabling both table detection and recognition
research.

Implementation and Evaluation Details:Our model is
implemented with a ResNet-50 backbone. Training was per-
formed on two NVIDIA RTXA6000 GPUs with a batch size
of 16. We employed the AdamW optimizer with an initial
learning rate of 1 x 10~* and a weight decay of 0.0001.
Gradient clipping with a maximum norm of 0.1 was ap-
plied to stabilize training. The training schedule spanned 12

7541

Table 7. Evaluation results for the PubTables dataset using
three different data splits: 10%, 30%, and 50%.

epochs with a step-based learning rate policy. A pseudo-label
confidence threshold of 0.4 was applied to filter uncertain
predictions. The teacher model was updated via exponential
moving average (EMA) of the student weights with a decay
rate of 0.999. We compute mean Average Precision (mAP)
across IoU thresholds from 0.50 to 0.95 in increments of
0.05, following COCO-style [32] metrics. Performance on
the validation set is also reported using AP AP75, and
ARy Figure 3 illustrates the results of our semi-supervised
method on the PubLayNet dataset. These results illustrate
the robustness and effectiveness of our approach across a
wide range of document layouts.

4.1. Results and Discussion
4.2. PubLayNet

This section evaluates the performance of various models
on the PubLayNet dataset using only the table class. For a
fair comparison with prior semi-supervised work, annotation
files were filtered to include only table instances during train-
ing. The analysis focuses on different labeled data splits:
10%, 30%, and 50%. Table | presents a comparison of model
performance on the table class using 10%, 30%, and 50%
labeled data. Our model achieves a mean Average Precision
(mAP) of 96.2 at 10% labeled data, significantly outper-
forming Deformable-semi [53] (88.4) and SAM-semi [57]
(89.9) and is competitive with I. Ehsan [16] (97.4). .Ehsan’s
approach utilizes a significantly larger number of object
queries—specifically, 30 fixed queries combined with 400
modulated ones. In contrast, our method employs a more
efficient query strategy with 30 fixed queries and an adaptive
number of additional queries ranging from 3 to 9, deter-
mined dynamically based on input complexity. Despite the
reduced query count, our model achieves competitive results.
At 30% labeled data, our model achieves a strong mAP of
96.2, outperforming Deformable-semi (90.3) and SAM-semi
(92.8), and showing competitive performance compared to
I. Ehsan’s model (97.9). At 50% labeled data, with an mAP



Method Epochs Queries 10% Label 30% Label 50% Label
mAP AP  AP”S mAP APY AP mAP AP AP73
Deformable-semi [53] 150 30 63.7 93.5 71.6 82.8 96.4 93.4 85.3 96.2 94.4
SAM-semi [57] 120 30 91.2 97.6 96.4 93.7 97.3 96.3 94.8 97.9 97.0
I. Ehsan [16] 150 30 + 400 78.0 87.5 85.5 88.0 94.3 93.1 90.9 972 95.9
our 12 30 + Adaptive 91.4 96.6 95.4 92.9 97.0 95.6 93.0 96.6 95.5

Table 8. Performance comparison on the Table-Bank dataset with 10%, 30%, and 50% labeled data, evaluated using mAP, AP, and AP™

for Deformable-semi, SAM-semi, I. Ehsan, and our model.

10% Label 30% Label 50% Label

Method Epochs  Queries 50 75

ARy ARy ARy Dataset Labels mAP AP AP ARy,
Deformable-semi [53] 150 30 74.3 89.0 91.4 10% 91.4 96.6 95.4 94.9
L. Ehsan [16] 150 30+400 90.9 94.1 95.9 50% 930 966 955 963
our 12 30 + Adaptive ~ 94.9 96.0 96.3

Table 10. Comparison of Average Recall Loss (ARy) on the

Table 9. Comparison of Average Recall Loss (ARL) on the Table-Bank  Typ1e_Bank dataset featuring I. Ehsan, and our model.
dataset, featuring Deformable-semi, SAM-semi, I. Ehsan, and our model.

of 95.9, our model continues to surpass Deformable-semi
(90.9) and SAM-semi (93.2), while being slightly below 1.
Ehsan’s higher mAP of 98.6.

Table 2 presents the Average Recall (ARy) results, where
our model consistently outperforms Deformable-semi [53],
SAM-semi [57], and I.Ehsan [16] across all labeling percent-
ages. At 10% labeled data, our model achieves an ARy, of
98.2, compared to 91.0, 96.6, and 97.6 for Deformable-semi,
SAM-semi, and I.Ehsan, respectively. At 30%, our model
achieves 98.3 ARp, surpassing Deformable-semi’s 93.2 and
SAM-semi’s 96.0, and slightly outperforming I. Ehsan’s
98.1. At 50%, our model maintains strong performance with
an AR of 98.0, higher than Deformable-semi’s 96.6 and
SAM-semi’s 97.3. Although I. Ehsan [16]. slightly surpass
our performance in AR, at 50% labeled data (99.2 vs. 98.0),
our model maintains competitive recall while being more
efficient.

In addition to comparisons with recent semi-supervised
approaches, we include a direct evaluation against fully su-
pervised baselines in Table 4. Notably, even with only 10%
labeled data, our semi-supervised model achieves an mAP of
96.2, significantly outperforming the fully supervised meth-
ods of Ren et al. [45] (83.4) and Zhu et al. [85] (83.9). This
trend continues at 30% and 50% labeled data, where our
model achieves mAP scores of 96.2 and 95.9, respectively,
outperforming the supervised baselines, which remain be-
low 89. These results demonstrate a clear advantage of our
approach over traditional supervised detectors trained with
the same amount of labeled data.

As shown in Figure 2, our model demonstrates consistent
performance improvement compared to the other methods,
highlighting a steady increase in precision across the labeled
datasets. Overall, in Table 3, our model consistently achieves
high mAP, AP>°, AP7, and ARy scores across 10%, 30%,
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and 50% labeled data, demonstrating its effectiveness with
limited annotations on PubLayNet.

4.3. PubTables-1M

This section evaluates the performance of different mod-
els on the PubTables-1M dataset, focusing on labeled data
splits of 10%, 30%, and 50%. Table 5 compares our model
with SAM-semi [57]. Our model consistently outperforms
SAM-semi across all splits, achieving a mAP of 93.1 at 10%
labeled data, compared to 92.3 for SAM-semi. At 30%, our
model further improves to 95.5 mAP, exceeding SAM-semi’s
93.5, demonstrating stronger performance with moderate su-
pervision. At 50%, our method maintains the same mAP
of 95.5, still surpassing SAM-semi’s 93.8, highlighting its
robustness and efficiency even with increased labeled data.

Table 6 shows ARy, results on PubTables-1M, where our
model consistently outperforms SAM-semi [57] across all
label splits. At 10% labeled data, our model achieves 95.3
ARy compared to 87.8 for SAM-semi. This advantage per-
sists at 30% and 50%, where our method reaches 97.2 and
97.5, while SAM-semi scores 88.1 and 88.3, respectively.

Table 7 shows evaluation results on the PubTables dataset
with 10%, 30%, and 50% labeled data. The model achieves
mAP scores of 93.1, 95.5, and 95.5, respectively, with AP>
and AP7 consistently above 96.6. Average Recall Loss
(ARL) improves from 95.3 at 10% to 97.5 at 50%, indicating
better performance with more labeled data.

4.4. Table-Bank

This section delves into the performance of various models
evaluated on the Table-Bank dataset, focusing on labeled
data splits of 10%, 30%, and 50%. Table 8 compares the
performance of the Deformable-semi [53], SAM-semi [57],
and I. Ehsan [16] methods. At 10% labeled data, our model



020 o2m epochs Queries Query Count mAP AP0 AP75 ARy,
v X 150 30 Fixed Queries 63.7 93.5 71.6 74.3
X v 120 30 Fixed Queries 91.2 97.6 96.4 95.3
v v 150 30+400 Fixed Queries 78.0 87.5 85.5 90.9
v v 12 30+(3-9) Adaptive Queries 91.4 96.6 95.4 94.9

Table 11. Impact of matching strategies (one-to-one, one-to-many, and hybrid) on detection performance, demonstrating the hybrid
approach’s ability to achieve the best balance between precision and recall.

outperforms all baselines by achieving a mAP of 92.1, sur-
passing SAM-semi’s 91.2, Deformable-semi’s 90.6, and L.
Ehsan’s 91.3. At 30% labeled data, our model maintains its
lead with a mAP of 93.0, closely following SAM-semi’s 93.7,
and outperforming Deformable-semi’s 82.8 and 1. Ehsan’s
88.0. At 50% labeled data, our model achieves a mAP of
93.0, remaining competitive while SAM-semi leads slightly
at 94.8, and outperforming Deformable-semi’s 85.3 and I.
Ehsan’s 90.9.

Table 9 presents the Average Recall Loss (ARy) results
across the 10%, 30%, and 50% labeled data splits. At 10%
labeled data, our model achieves an ARy of 94.9, outper-
forming Deformable-semi’s 74.3 and 1. Ehsan’s 90.9, while
slightly trailing SAM-semi’s 95.3. At 30% labeled data,
our model maintains strong performance with an ARy of
96.0, surpassing Deformable-semi (89.0) and 1. Ehsan (94.1),
though it remains slightly lower than SAM-semi’s 97.7. At
50% labeled data, our model records an ARy, of 96.3, again
outperforming Deformable-semi (91.4) and 1. Ehsan (95.9),
while SAM-semi achieves the slightly high score of 98.1.
These results demonstrate that our model consistently retains
relevant information more effectively than most baselines
across varying levels of labeled data.

Table 10 summarizes the overall evaluation results for
the Table-Bank data set, showing the mean mean precision
(mAP), the average precision at the 0.50 and 0.75 thresholds,
and the average recall loss (AR() across the three labeled
data splits. The results reinforce the efficacy of our model in
leveraging labeled data effectively, achieving high precision
rates across the board.

5. Ablation Study

This section examines the key design components. All abla-
tion studies are conducted using 10% of the labeled images
from the TableBank dataset.

Adaptive Query Strategy This section evaluates the per-
formance of fixed and adaptive query strategies to assess
their impact on detection accuracy. As shown in Table 11,
the fixed query method (30 + 400) achieves a mean aver-
age precision (mAP) of 78.0 and an average recall (ARy)
of 90.9. In comparison, the adaptive query strategy (30 +
[3-9]) significantly outperforms the fixed approach, achiev-
ing an mAP of 91.4 and an ARy, of 94.9. By dynamically
adjusting the number of queries based on the complexity
of each document, the adaptive strategy enables more pre-
cise detections while minimizing unnecessary computational
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overhead. These findings highlight the advantages of flex-
ibility in query strategies, resulting in improved detection
quality and enhanced model efficiency compared to fixed
query methods.

Matching Strategies Table | | compares one-to-one, one-
to-many, and hybrid matching strategies. One-to-one match-
ing with 30 queries achieves a mAP of 63.7 but may miss
some objects, as reflected in an AP”> of 71.6. One-to-many
matching with 30 queries boosts performance to a mAP of
91.2 and AP” of 96.4, improving recall but increasing false
positives. A hybrid approach combining one-to-one with 400
queries and one-to-many with 30 queries achieves a mAP of
78.0 and AP7’ of 85.5, balancing precision and recall. The
adaptive strategy, with 30 fixed queries and 3-9 pseudo-label
queries, achieves the highest performance with a mAP of
91.4, AP of 96.6, and AP”> of 95.4, demonstrating the best
overall detection performance.

6. Conclusion

We present an innovative semi-supervised method that uti-
lizes Focused Attention for Document Layout Analysis. The
integration of focused attention allows the model to effi-
ciently prioritize relevant features. We propose a hybrid
query mechanism using 30 fixed queries for precise one-to-
one matching and 3-9 adaptive queries for broader one-to-
many matching, improving detection coverage and accuracy.
The Guided Queries mechanism further improves robust-
ness against noise and irrelevant information. This frame-
work employs student and teacher modules, which iteratively
refine each other’s outputs using the Exponential Moving
Average (EMA) function to ensure accurate classification
and bounding box predictions. Our experimental results
demonstrate that this approach outperforms existing models
across multiple benchmark datasets, including PubLayNet,
PubTables-1M, and TableBank. Future research could focus
on expanding this method to detect other document elements
or applying it to diverse document types to further enhance
the versatility and generalization of the model.
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