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Abstract

Transformer models for document understanding must process text, tables, stamps, signatures,
and layout structures at the page level. However, many document images contain repeated headers,
blank margins, boilerplate clauses, and low-information background regions. Treating all regions
equally increases memory usage and may reduce scalability for enterprise document processing.
This study develops a layout-aware region compression method for document understanding. The
proposed DocRegion-Slimmer first segments each page into semantic regions, including title
blocks, paragraph zones, tables, key-value fields, signatures, seals, and background. It then
compresses low-information regions with shared layout embeddings while preserving high-value
regions such as numerical fields, table cells, dates, names, and approval marks. A region
consistency loss is introduced to avoid losing cross-region dependencies between extracted
entities. The experiments covered 128,000 scanned and digital-born pages from invoices, tax
forms, purchase orders, insurance claims, contracts, bank statements, and clinical forms. The
dataset contained 42 entity types, 16 table structures, and 3.7 million OCR text boxes.
DocRegion-Slimmer reduced the average number of visual-layout tokens per page from 1,024 to
438. On entity extraction, micro-F1 changed only slightly from 91.6% to 91.1%, while memory
consumption during inference decreased by 44.8%. For table understanding, cell-level F1 reached
88.4%, outperforming a simple patch-dropping baseline by 5.7 points. In long contract pages, the
model reduced missing-field errors for dates and monetary values by 19.2% because key-value
regions were preserved rather than compressed uniformly. Batch processing throughput increased
from 2,900 to 5,180 pages per hour on one A100 GPU. The results indicate that layout-aware
compression can improve the efficiency of transformer document understanding without
sacrificing critical information extraction accuracy.
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1. Introduction

Document understanding has become an important component of automated information
processing in finance, insurance, healthcare, taxation, procurement, compliance, and contract
management. Unlike plain-text analysis, document understanding must jointly interpret textual
content, visual appearance, and spatial organization. A single page may contain paragraphs, tables,
key-value fields, handwritten signatures, seals, checkboxes, logos, and other graphical elements,
and the meaning of an item often depends on both its content and its location. Recent document
intelligence models therefore combine textual, visual, and two-dimensional positional information
within unified architectures. LayoutLMv2 introduced spatial-aware self-attention and joint
text-image pre-training to improve document representation [1]. DocFormer further integrated
visual, textual, and spatial features through a multimodal transformer architecture [2], while
LayoutXLM extended layout-aware document modeling to multilingual scenarios [3]. Related
research on complex Al systems has also shown that difficult computational tasks can benefit
from structured decomposition and coordinated optimization among specialized components [4].
This broader design principle is relevant to document understanding because document pages are
naturally composed of heterogeneous semantic regions that may require different levels of
representation and computation. Subsequent document models, including LayoutLMv3, LiLT,
BROS, and DiT, further improved multimodal pre-training, cross-lingual transfer, spatial encoding,
and document image representation [5,6]. ERNIE-Layout additionally incorporated reading order
and layout relationships to better model complex document structures [7,8].

The development of OCR-free and unified vision-language architectures has further
expanded the scope of document understanding. Donut directly maps document images to
structured outputs without relying on an external OCR engine, reducing error propagation from
recognition pipelines [9,10]. UDOP unifies document understanding and generation tasks within a
shared multimodal framework [11], while Pix2Struct learns visual language representations from
screenshot-like inputs and structured visual content [12]. These approaches have improved the
flexibility of document processing and reduced dependence on task-specific pipelines. However,
stronger multimodal representation usually comes at the cost of increased computational
complexity. High-resolution pages may produce large numbers of image patches, while
OCR-based systems may generate hundreds or thousands of text boxes and associated layout
tokens for a single document. When long contracts, dense financial statements, clinical forms, or
multi-column reports are processed, the number of tokens grows rapidly. Since transformer
attention and multimodal fusion operations are repeatedly applied across these tokens, memory
consumption and inference latency can become substantial. This issue is particularly important in
enterprise applications, where document systems are expected to process large batches of pages
under practical constraints on GPU memory, processing time, and operating cost. Document
structure further increases the difficulty of efficient representation. Many extraction tasks depend

not only on recognizing individual words but also on preserving relationships among spatially



separated elements. PubTables-1M demonstrated that table understanding requires reliable
identification of rows, columns, cells, and structural relationships rather than simple text
recognition [13,14]. TSRFormer further modeled table separators and cell relations using
transformer-based representations [15,16]. GeolLayoutLM showed that geometric relationships
between entities are important for document information extraction, especially when semantically
related fields are located in different areas of a page [17,18]. These findings indicate that
aggressive token reduction cannot be performed solely according to local appearance or isolated
token importance. A small numerical field may be essential for an invoice total, a short date may
determine contract validity, and a compact signature or approval mark may carry greater business
significance than a long paragraph of standard text. Removing such regions may reduce
computational cost while causing disproportionate degradation in extraction quality. More recent
large document models have extended layout-aware reasoning to broader document understanding
tasks. DocLLM introduces layout information into large language model reasoning for visually
rich documents [19], while LayoutLLM integrates document layout and multimodal information
for generalized document understanding [20]. These models increase the ability to interpret
complex pages, but their computational requirements also grow with page resolution, sequence
length, and the number of OCR elements. The problem becomes more pronounced for enterprise
documents because information density is highly uneven across a page. Large blank margins,
decorative elements, repeated headers and footers, page numbers, boilerplate clauses, and
standardized instructions may occupy substantial visual and token space while contributing
relatively little to the final extraction result. In contrast, names, monetary values, policy numbers,
tax identifiers, dates, table cells, signatures, seals, and approval fields may occupy only small
regions but determine the core output of the document-processing system. Treating these regions
with the same computational resolution ignores the semantic imbalance inherent in document
layouts. Existing efficiency strategies do not fully address this imbalance. Some methods reduce
input image resolution, shorten sequences, merge tokens, or remove tokens according to general
attention or importance scores. Although these approaches can lower computational cost, they
may damage fine-grained document information. Resolution reduction can make small characters,
decimal values, signatures, or seals difficult to distinguish, while global token pruning may
remove short but semantically critical fields. Token-level importance measures may also ignore
relationships between distant elements. For example, a field label and its corresponding value may
appear in separate regions, and a table header may determine the interpretation of many cells
below it. Compressing these regions independently can therefore break structural dependencies
even when the individual tokens appear unimportant. In addition, document layouts vary
considerably across document types. A region that is redundant in a contract may be essential in
an insurance claim or tax form. Efficient document processing consequently requires a mechanism
that considers semantic region type, information value, and inter-region relationships rather than

applying uniform compression to all tokens [21,22]. Evaluation practices also leave an important



gap between public benchmarks and real enterprise document collections. Existing studies
commonly evaluate forms, receipts, tables, invoices, or document question answering on separate
public datasets [23,24]. These benchmarks are valuable for controlled comparison, but production
document repositories often contain heterogeneous document types within the same processing
pipeline. A single enterprise system may need to handle invoices, contracts, bank statements, tax
documents, purchase orders, insurance claims, and clinical records. These documents differ
substantially in page density, layout complexity, table frequency, visual quality, and the
distribution of high-value fields. Scanned pages may contain noise, skew, stamps, or handwriting,
whereas digital-born PDFs may contain highly regular text and table structures. As a result,
efficiency methods optimized for a single benchmark or document type may not generalize well to
large mixed document collections. A practical compression strategy should therefore reduce
redundant computation while remaining sensitive to document semantics and preserving the
structural relationships required for reliable extraction.

This study proposes DocRegion-Slimmer, a layout-aware region compression framework for
efficient transformer-based document understanding. Rather than treating a page as a uniform
sequence of visual and textual tokens, DocRegion-Slimmer represents the document as a
collection of semantic regions with different information densities and task relevance. Each page
is divided into regions such as titles, paragraphs, tables, key-value fields, signatures, seals, and
background areas. Regions with low information density can be represented using compressed or
shared layout embeddings, whereas numerical fields, dates, personal and organizational names,
monetary values, table cells, signatures, and approval marks are retained at higher representational
detail. A region consistency loss is introduced to preserve semantic and spatial relationships
between associated regions after compression, reducing the risk that efficiency gains destroy
important field-to-field or table-level dependencies. The experimental study is conducted on
128,000 scanned and digital-born pages collected from invoices, tax forms, purchase orders,
insurance claims, contracts, bank statements, and clinical forms. The dataset contains 42 entity
types, 16 table structures, and approximately 3.7 million OCR text boxes, providing a
heterogeneous setting for evaluating document efficiency under realistic workloads. The study
examines whether semantic region compression can substantially reduce token count, GPU
memory consumption, and document processing time while maintaining entity extraction and
table structure accuracy. It also evaluates whether explicitly preserving high-value regions can
reduce missing-field errors in long and visually dense documents and whether the resulting
reduction in computational demand can improve batch-processing throughput. Through these
experiments, the study aims to establish whether document compression should be guided by
semantic importance and layout structure rather than uniform token-level reduction. The broader
significance of DocRegion-Slimmer is to provide a more practical balance between extraction

reliability and computational efficiency, enabling multimodal document transformers to process



large and heterogeneous enterprise document collections without sacrificing the small but

business-critical regions on which downstream decisions often depend.

2. Materials and Methods

2.1 Document Samples and Data Composition

The study used 128,000 scanned and digital-born pages from invoices, tax forms, purchase
orders, insurance claims, contracts, bank statements, and clinical forms. The documents contained
42 entity types, 16 table structures, and about 3.7 million OCR text boxes. The samples covered
single-page forms, long contracts, dense tables, and pages with signatures or seals. Scanned
documents included differences in resolution, rotation, background noise, and print quality.
Digital-born files usually had clearer text and page layouts. Pages with unreadable content,
duplicate records, or incomplete labels were removed. The remaining documents were divided

into training, validation, and test sets by data source to reduce overlap between related pages.

2.2 Experimental Design and Control Models

DocRegion-Slimmer was compared with a full-region transformer and a simple
patch-dropping model under the same training and test settings. The full-region model kept all
visual-layout tokens and served as the main baseline. The patch-dropping model removed
low-score patches without using semantic region labels. DocRegion-Slimmer divided each page
into titles, paragraphs, tables, key-value fields, signatures, seals, and background regions. Dates,
names, numerical fields, table cells, and approval marks were kept at higher detail. Repeated
headers, blank margins, and other low-information areas were compressed. Ablation tests removed
semantic region labels, high-value region protection, or region consistency loss. All models used

the same document splits, OCR input, image size, training schedule, and evaluation rules.

2.3 Measurement Methods and Quality Control

Model performance was measured using entity-level micro-F1, table cell-level F1,
missing-field rate, token count, inference memory, and page-processing throughput. Entity
extraction was counted as correct only when both the entity class and extracted content matched
the reference label. Table evaluation compared predicted cells and their content with labeled table
structures. Missing-field errors were calculated separately for dates and monetary values on long
contract pages. GPU memory use was measured during inference with a fixed batch size.
Throughput was recorded as the number of pages processed per hour on one NVIDIA A100 GPU.
Warm-up runs were completed before timing tests. OCR boxes and region labels were checked for
invalid coordinates, repeated text, and missing labels. Pages with unclear table boundaries or

uncertain entity links were reviewed before final testing.



2.4 Data Processing and Model Formulation
Each page was converted into OCR text boxes, visual features, two-dimensional positions,
and semantic region labels. Region importance was calculated before compression. For region r,
the retention score was defined as:
Sy=al +BE+yR,
where |, is the information score of region r, E, is the entity importance score, and R, is
the relation score between region r and linked regions. The parameters a, B, and y control the
weights of the three terms. Regions with high S, values kept detailed tokens, while low-score
regions were represented by shared layout embeddings. To keep relations between compressed
and retained regions, the total training loss was defined as:
L=LragiALcons
where L is the loss for entity and table prediction, L. is the region consistency loss,
and A controls the weight of the consistency term. This term limits changes in region relations

after compression.

2.5 Model Training and Statistical Analysis

All models were trained with the same optimizer, batch size, learning-rate schedule, and
stopping rule. Model selection was based on validation micro-F1, and the test set was used only
for final evaluation. Results were reported for the full dataset and for individual document types,
including contracts, invoices, and table-heavy forms. Entity F1, table F1, token count, memory use,
and processing throughput were compared across models. Long-document results were analyzed
separately for dates and monetary values. The main experiments were repeated in independent
runs, and mean values were reported. Paired tests were used when two models were evaluated on

the same pages. Statistical significance was set at p<0.05.

3. Results and Discussion

3.1 Entity Extraction After Region Compression

DocRegion-Slimmer reduced the average number of visual-layout tokens from 1,024 to 438
per page, while entity-level micro-F1 decreased only from 91.6% to 91.1%. This means that a 57.2%
reduction in token count caused only a 0.5 percentage-point drop in extraction accuracy. As shown
in Fig. 1, most removed tokens came from blank margins, repeated headers, and standard text
regions, while names, dates, amounts, signatures, and key-value fields were kept at higher detail.
This result shows that document regions do not need the same level of processing. LayoutLMv3
also confirmed the value of text, image, and layout information for document understanding, but it
does not reduce regions according to their task importance [25,26]. Recent token-pruning studies
have also shown that low-value document patches can be removed with limited accuracy loss.

However, most of these methods operate at patch level rather than semantic region level.



3.2 Table Structure and Cell Information

DocRegion-Slimmer achieved a cell-level F1-score of 88.4% for table understanding, which
was 5.7 percentage points higher than the simple patch-dropping baseline. This result shows that
direct patch removal can damage row, column, and cell relations. Table cells often depend on
nearby headers, labels, and neighboring values. Therefore, local visual importance alone is not
enough for selecting tokens. PubTables-1M also showed that table recognition depends on both
cell content and table structure [27,28]. In DocRegion-Slimmer, the region consistency loss helps
keep these relations after compression. This is useful for tables with merged cells, repeated
headers, and small numerical fields. The results in Fig. 1 show that region-based compression can

better preserve structured document information than simple patch removal.
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Fig. 1. Entity extraction and table recognition results of DocRegion-Slimmer and the baseline
models.

3.3 Memory Use and Processing Throughput

Inference memory decreased by 44.8% after region compression, while throughput increased
from 2,900 to 5,180 pages per hour on one A100 GPU. This corresponds to a throughput increase
of about 78.6%, as shown in Fig. 2. The main reason is the lower token count, which reduces the
cost of transformer attention. Long pages, large OCR box numbers, and complex layouts usually
increase both memory use and processing time. DocRegion-Slimmer reduces this cost without
changing the main transformer structure. Compared with general patch pruning, the method keeps
more computation for important document regions and removes more repeated content from
low-value areas. This balance is useful for enterprise systems that need to process large document
batches under fixed GPU memory.

3.4 Long-Page Field Preservation

On long contract pages, missing-field errors for dates and monetary values decreased by 19.2%
compared with uniform compression. These fields are often small and may be far from their
related labels. They can therefore be removed when token selection depends only on local visual

scores. DocRegion-Slimmer keeps these fields and preserves their links with nearby labels, tables,



and approval regions. GeolLayoutLM also showed that geometric relations are important for
relation extraction in visually rich documents [29,30]. The current results follow the same idea but
apply it to document compression. Important fields and their relations should be kept during token
reduction. As shown in Fig. 2, this can be achieved together with lower memory use and higher
processing speed. However, the current tests cover seven document types, and other industries
may contain different page structures. Further studies should include more document sources and

longer multi-page files.
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Fig. 2. Memory use, processing speed, and missing-field errors before and after region

compression.

4. Conclusion

This study developed DocRegion-Slimmer to reduce the cost of transformer-based document
understanding. The method reduced the average number of visual-layout tokens from 1,024 to 438
per page, while entity-level micro-F1 changed only from 91.6% to 91.1%. Inference memory
decreased by 44.8%, and processing throughput increased from 2,900 to 5,180 pages per hour on
one A100 GPU. For table recognition, cell-level F1 reached 88.4%, which was 5.7 percentage
points higher than that of the simple patch-dropping model. Missing-field errors for dates and
monetary values on long contract pages were also reduced by 19.2%. These results show that
region-based compression can lower memory and processing cost while keeping important
document information. DocRegion-Slimmer keeps key fields and their layout links while
compressing repeated or low-value regions. This approach is suitable for large-scale processing of
invoices, contracts, bank statements, insurance forms, and other business documents. However,
the current study includes only seven document types, and throughput was mainly tested on one
GPU platform. Future work should cover more document layouts, longer multi-page files,

multilingual data, and different hardware platforms.
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