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8. Model Optimization and On-Device Solution

The number of OTSL tokens scales with N × M , where
N is the number of columns and M is the number of rows.
With the proposed approach, we add only N+M additional
tokens to OTSL, achieving a speed improvement on regu-
lar tables. These additional tokens provide positional in-
formation that enables direct bounding box estimation from
the tokens themselves, thereby eliminating the need for the
bounding box decoder. This increase in the number of to-
kens does not change the asymptotic time or space com-
plexity, because N ×M +N +M = O(N ×M).

To optimize ONNX models for mobile devices, we have
employed several techniques. First, we pruned layers from
the ResNet encoder. Second, we converted the ONNX
model into a framework that is optimized for the target
device, such as TFLite or TensorRT. This conversion re-
quires model modifications, as some PyTorch operations
need to be rewritten to generate ONNX operations com-
patible with the target frameworks, supporting dynamic in-
put/output sizes. Additionally, we substituted network seg-
ments containing incompatible operations with alternative
inputs.

Fig. 5 illustrates this process with two execution graphs:
the left graph contains incompatible operations that gener-
ate an intermediate value (a binary mask in this case), while
the right graph takes this value as an additional input gen-
erated on the CPU side, thereby avoiding the problematic
operation. Third, we removed unnecessary operations, such
as unused type casts or network components used solely for
training.

9. Experiments with different hyper-
parameters

In addition, we investigated various architectural choices
and their effect on inference time based on a test set with
real tables (some examples are presented in Sec. 10). As
shown in Tab. 6, decreasing the input resolution leads to
faster inference but results in substantially lower perfor-
mance. An alternative optimization strategy is to reduce
the number of channels in the backbone and decoder mod-
ules. We selected nchannels = 16 and dmodel = 128 as the
optimal values for inference on the device.

Usually, auto-regressive decoder models decode one to-
ken at a time. However, the speculative decoding tech-
nique allows several tokens to be predicted at once. This is
achieved by feeding the model not only currently predicted

Table 6. PIX-TAB evaluation results with different hyper-
parameters

Resolution Stride nchannels dmodel TEDS

240 4
32 256 88.37
64 512 89.01

240 8 64 512 88.54
360 8 64 512 87.44

480 8

8 64 83.05

16
128 89.8
256 90.7

32
128 90.14
256 90.6

64
256 91.87
512 92.58

output, but also several expected tokens. After model infer-
ence we can check outputs. If they coincide with expected
tokens, they become confirmed and thus are predicted in a
single model run. In our implementation, we use a simple
logic to predict next tokens: try to find a previous reference
row for the current row and use tokens from it. If no such
row exists, we complete the row with <td></td> tokens
to the end of the row. Additionally, the last row is repeated
several times.

10. Testing on a test set with real cases

Following is a demonstration of our method for several rep-
resentative samples. The method is effective for loosely-
connected tables as Fig. 6, as well as for tables where some
row/column borders are explicit and others are implicit, as
in Fig. 7. The method is language-agnostic, as demonstrated
in Fig. 9, but it heavily depends on the OCR module, as will
be described below. The method is effective for larger ta-
bles, as shown in Fig. 10 and also described in more detail
below.

Tables with embedded images are a common yet chal-
lenging scenario in document analysis. While existing ap-
proaches have made significant progress in OCR and TSR,
the presence of images and icons within tables poses unique
difficulties.

While colorful images with a wide range of pixel inten-
sities is simple to detect, the main challenge for both an-
alytically and ML methods, such as YOLO, is represented
by monotonic images such as on Fig. 6. Models trained on
such images often misclassify text as images. We found it
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(a) Original graph, containing incompatible operations.
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(b) Modified graph, compatible with optimized frameworks.

Figure 5. Simplified representation of the model inference graph.

effective to constrain image boxes so that they do not inter-
sect text boxes.

Another challenge is recognition of texts that have to re-
main as a part of the image, as on Fig. 8. Texts “G+”, “G-”,
“M ou OUVERT” have to remain in their original positions,
otherwise the image loses meaning. Our method in its cur-
rent form partially solves this problem in case when RBIS
method is selected: if the total area of images in a table cell
is larger than all the text in the cell, the whole cell is re-
turned as an image. This is done because the RBIS is more
accurate for detecting cell borders, as shown in Fig. 14.

For some cases, as in Fig. 11, where an image inside a
table cell is surrounded by text, and the text does not have
tabular structure (a list in this case) – the method relies on
post-processing stages to organize its output.

Tight cooperation with OCR module also introduces
drawbacks. As demonstrated in Fig. 12 and Fig. 13, if OCR
performance is low on a particular image, table recognition
quality will drop as well, including appearance of cell texts
as images.

Detecting icons is another challenge, because some of
them tend to be recognized as text by OCR module, and
image detector networks, trained to detect icons also tend
to misinterpret small bits of text as icons. Our method does
not currently solve this problem.

Tables with large number of rows and/or columns are yet
another challenge. Since the encoder-decoder network re-

quires the image to be resized to a constant size, these tables
usually lose details required for accurate recognition. In this
case, under condition that the table cells have visible bor-
ders, RBIS shows better result. Example of cells detected
with this method is shown in Fig. 15. Fig. 16 also demon-
strates performance of the method for a text-heavy table
with irregular structure and mixed (bordered/borderless)
cells. Fig. 17 shows more examples of large text-heavy ta-
bles that we have used to test our method.

The method is not currently intended for use with pho-
tos of tables, e.g. skewed lines, blurred text etc. Includ-
ing these cases is planned for future work, by preprocessing
and specific augmentations. Example of performance of the
method for such cases is shown on fig. 18



(a) Original table. (b) Recognized table.

Figure 6. Recognition of loosely connected table. The method is effective for cases that imply some connectivity between texts and images,
but don’t have strict positioning or borders.

(a) Original table. (b) Recognized table.

Figure 7. Recognition result of table without horizontal borders and with graphics. This example demonstrates our method for lightly
stylized tables – containing colored texts, occasional graphics and missing some borders between rows and columns.

(a) Original table. (b) Recognized table.

Figure 8. Recognition result of table without vertical borders and with graphics. The method is effective when table cells contain images,
but if the images contain text, the method may be confused whether the text belong to image or to actual cell. This example demonstrates
a case when some text was not detected as part of image and ends up being detached from it.



(a) Original table. (b) Recognized table.

Figure 9. Small table with merged cells. The method does not depend on the table language and symbols used. As long as the OCR module
provided to the table recognition system supports the language and symbols – the table sill be recognized correctly.

(a) Original table. (b) Recognized table.

Figure 10. The method remains effective for large table with merged cells. Here multiple split cells are present, and column widths do not
match (e.g. width of cells with ”Lifting speeds”, ”Duty Cycle”, ”Motor” are different) – but the method still manages to decode the table
correctly.

(a) Original table. (b) Recognized table.

Figure 11. Table with images and merged cells. The method is effective when a table cell contains images, but style information (e.g. the
image position in relation to text) is lost. In this example all cells borders are present, so the information about that the text inside the cells
was further split into columns (as in table column 3 and 5) is also lost.



(a) Original table. (b) Recognized table.

Figure 12. Example of failed case 1. The method heavily depends on OCR performance – namely, detected text boxes. These boxes
contribute both to image table structure recognition and image detection, so if the OCR module fails to recognize text, e.g. due to low
image resolution – table recognition quality will drop significantly.



(a) Original table.

(b) Recognized table.

Figure 13. Example of failed case 2. Another failing case due to low image resolution and low OCR performance.



(a) Original table. (b) Filled images.

(c) Detected cells.

Figure 14. Example of region-based image segmentation. Example with large cells and images.



(a) Original table. (b) Filled images.

(c) Detected cells.

Figure 15. Example of region-based image segmentation. Example with table having large number of rows.



(a) Original table. (b) Recognized table.

Figure 16. Example of text-heavy table recognition. Included few irregular cells (min, typ, max columns do not have separating border).

Figure 17. Samples from MarketingStyle subset of SynthTabNet dataset



(a) Original table. (b) Recognized table.

Figure 18. Example of the algorithm performance for a table captured with a camera.
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