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Abstract

The Generalized Intersection over Union (GIoU)
and the Manhattan distance between axis-aligned
boxes represented either as corner coordinates or
their center and size, are extended to accept a
range of bounding boxes as ground truth, producing
the metrics RIoU, R; and R!, respectively. In
the context of Table Detection it is shown that
this box relaxation procedure allows training object

detection models with partial or inexact annotations.

For the Table Structure Recognition task, several
code improvements to Microsoft’s open-source
Table Transformer increase all GriTS metrics on
PubTables-1M, with the overall accuracy increasing
from 0.8326 to 0.8433. Then box relaxation is
applied to take advantage in the object detection
loss function of the discretizing nature of the

post-inference table cell matrix extraction procedure.

This further reduces the error of the GriTS metrics
Acccoon, GriTScon, Gril'Sro. and GriTSt,, on the
PubTables-1M tables without spanning cells by
1.8%, 13.2%, 10.6% and 14.9%, respectively.
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1 Introduction

With typical hard loss functions inconsistent or
missing annotations have a detrimental effect on model
performance [17, 22]. In object detection, missing
annotations have previously been addressed through
hard-example mining, by ignoring negatives that do
not significantly overlap with positive instances [3]
or with softer strategies such as reducing gradient
magnitude as a function of overlap with positive
examples [18]. Missing ground-truth bounding
boxes have been the subject of Weakly-Supervised
Object Detection (WSOD), where only image-level
annotations are available [20], or of Semi-Supervised
Object Detection (SSOD), which can also take into
account clean bounding-box annotations [15].

Herein a generic approach is taken by constructing
loss functions which treat all labels as exact but
relax the ground-truth boxes so they represent
a full range of boxes simultaneously, of which
image-level annotations like those in WSOD, clean
bounding-box annotations like in SSOD or noisy
bounding-box priors are only special cases. The
proposed method complements existing robust object
detection algorithms, e.g. by allowing a strong
prior [7] to be applied not only to one noisy bounding
box, but to a full range of boxes which is likely to
contain the ground truth.

As a practical demonstration these extended
loss functions are integrated into the DEtection
TRansformer (DETR) [2] and applied via the TAble

Citation
Aioanei, D. (2025). Relaxed Bounding Boxes for Object Detection.
ICCK Journal of Image Analysis and Processing, 1(3), 107-124.

© 2025 by the Author. Published by Institute of
Central Computation and Knowledge. This is an open
access article under the CC BY license (https://creati
vecommons.org/licenses/by/4.0/).

107


http://dx.doi.org/10.62762/JIAP.2025.507329
http://crossmark.crossref.org/dialog/?doi=10.62762/JIAP.2025.507329&domain=pdf
https://orcid.org/0009-0005-4660-7988
http://dx.doi.org/10.62762/JIAP.2025.507329
mailto:aioaneid@gmail.com
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

ICCK Journal of Image Analysis and Processing

ICJK

TRansformer (TATR) [11] to Table Detection (TD)
and Table Structure Recognition (TSR). Specifically, it
is shown that:

e A TD model can be successfully trained to detect
multiple tables in images even when only one
table per image is annotated with a bounding box;

e A small amount of box relaxation in TD has
little impact on the COCO metrics [6], while
significantly reducing the cardinality error;

e The TSR performance on tables without spanning
cells can be improved by incorporating an
approximation of the post-inference extraction
step of the table cell matrix into the loss function,
in the form of box relaxation.

For the TSR task, state-of-the-art Grid Table Similarity
metrics (GriTS) [13] are achieved twice: first by
improving the code of the open-source TATR
implementation, and second by relaxing the
ground-truth boxes under constraints imposed
by the matrix cell-extraction step.

On the subset of complex tables of the PubTables-1M
dataset, i.e. those containing spanning cells, a prevalent
class of annotation errors is identified, opening the way
for future improvements.

1.1 Paper Organization

The remainder of the paper is organized as follows:

e Section 2 surveys common loss and metric
functions for object detection;

e Sections 3 to 5 generalize existing object
detection loss functions to accommodate relaxed
ground-truth boxes, each consisting of a range of
boxes;

e Section 6 discusses how to incorporate
non-injective post-inference steps as relaxed boxes
during training, and how to apply the technique
to TSR;

e Section 7 shows that a TD model can be trained
by annotating the bounding box of only one
table in each image, or by slightly relaxing the
ground-truth boxes. Each of these approaches
either preserves or reduces the COCO object
cardinality error, respectively. Furthermore,
box relaxation is shown to improve the TSR
performance of TATR on simple tables;

e Section 8 highlights possible extensions of the
method;
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e Section 9 summarizes the results and concludes
the paper.

2 Related Work

Generalized Intersection over Union (GIoU) [10] is
a popular loss function and evaluation metric for
object detection. It improves upon its scale-invariant
predecessor, Intersection over Union (IoU), by
addressing the gradient-vanishing problem in the
non-overlapping case.

Many variations of (G)IoU have recently been
developed, including;:

e Bounded IoU (BloU) considers the upper bound
of IoU obtained when the three coordinates other
than either the center X or Y coordinate, or the
width or height of the predicted box, match the
target box exactly [16];

e Distance-IoU (DIoU) incorporates the distance
between the predicted and target box centers,
normalized by the diagonal of the smallest
enclosing box and squared [23];

e Complete IoU (CIoU) builds upon Distance-IoU
(DIoU) by incorporating a suitably scaled squared
difference between the arctangents of the aspect
ratios of the predicted and target boxes [23];

e Gaussian Guided IoU (GGIoU) combines IoU
with a Gaussian penalty that encourages the
predicted and target box centers to be close [4];

e Alpha-IoU
transformation
functions [5];

(a-IoU)
to IoU

applies a
and related

power
loss

e Minimum Point Distance IoU (MPDIoU) uses
the Euclidean distance between the top-left and
bottom-right corners of the boxes [8];

e Corner-Point and Foreground-Area IoU (CFloU)
considers the distance between corresponding
corner points. If the box centers coincide, it also
considers the fraction of the minimum enclosing
region covered by the target box; otherwise, it uses
the area difference normalized by the minimum
enclosing region [1];

e 3D-GloU extends GIoU to three dimensions [21];
e Marginalized GloU (MGIoU) is applied to
convex shapes by computing the average

one-dimensional GIoU across projections of both
shapes onto the union of their normals [24].
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A more traditional loss and metric function
for bounding-box detection is the scale- and
representation-dependent L, loss (0 < p < o0)
applied to axis-aligned bounding boxes.

DETR, which uses the Hungarian matching algorithm
as an alternative to anchor-based unordered set
detection [19], relies on both GloU and L; losses as
follows:

e For each set of object predictions from the DETR
decoder, an optimal bipartite matching with the
ground-truth objects is computed. The pairwise
matching cost is a linear function of:

— L loss between predicted and target boxes
in center—size format,

— GloU between predicted and target boxes,
and

— the predicted probability of the target class.

e The final loss function is then computed as a
linear function of the L; loss, GIoU, and class
cross-entropy.

Both GloU and the L loss are generalized next so that
the ground truth consists of a range of boxes bounded
by an optional hole border [14] and/or an optional
outer border.

3 Relaxed Intersection over Union (RIoU)

Definition 1 (RIoU: Relaxed Intersection over Union).

Let C be one of the following sets: the full set of closed
convex sets in R?, the set of d-dimensional boxes, or the
set of d-dimensional axis-aligned boxes. Given

e g predicted shape B € C,

e an optional shape H € C, referred to as the hole
border, and

e an optional shape O & C, referred to as the outer

border,
let
|BNH| |0]
ToU(B, H = . -1
RIoU(B, H, O) ¥ 00D "
|BU H| o+ |O U B /2
|E(B, H)| |E(O, B)|

where E(P, Q) denotes the convex hull in C of shapes P, Q) €
C and | - | denotes the volume of a shape.

The definition of RIoU is extended to empty or
unspecified borders according to the following
principles:

e An unspecified hole border is treated as H C B;
e An unspecified outer border is treated as B C O;

e If hole border H is specified, the relation H C B
is required to maximize RIoU(B, H, -);

e If outer border O is specified, the relation B C O
is required to maximize RIoU(B, -, 0);

RIoU is consequently endowed with the following
conventions:

e If H is unspecified then |B N H|/|H| = |B U
H|/|E(H,B)|=1;

o If O is unspecified then |O|/|O U B| = |O U
B|/|E(O,B)| =1,

o If|[H =0then |[BNH|/|H|=1if HC Band 0
otherwise;

e If OUB|=0,then |O|/|OUB|=1if BC O and
0 otherwise;

o If|E(P,Q)] =0,then |PUQ|/E(P,Q) =1if P C
Q or @ C P and 0 otherwise.

A few properties follow immediately:

It always holds that —1 < RIoU < 1;

If H = O, then RIoU equals GIloU;

With both borders specified, RIoU(B, H,O) =
l < HCBCO;

With only H specified, —%2 < RIoU(B,H,_) <1;

With only O specified, =% < RIoU(B,_,0) < 1;
With both borders unspecified, RIoU(B, _, ) = 1.

Figure 1 shows examples of RIoU in the common case
where C is the set of axis-aligned rectangles in 2D.

4 Relaxed L, Distance Between Axis-Aligned
Boxes (R,)

Let an axis-aligned box in R be represented by the
coordinates of its lower-bound corner | = I4,...,ly
and its upper-bound corner u = wuy,...,uy, where
l; < w1 = 1..d. An axis-aligned box can be partially
specified, i.e. any subset of the coordinates of [ or u may
be left unspecified.

Definition 2 (R,: Relaxed L, distance of axis-aligned
boxes). Given

e an arbitrary axis-aligned box B = (I°,u?), referred to
as the predicted box,
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(a) RIoU (B, H, O) for rectangles B relative to hole and
outer borders H C O. The maximum value of 1 is reached
ifand only if H C B C O.
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(b) RIoU(B, H, _) for rectangles B relative to hole border
H. The maximum value of 1 is reached iff H C B.
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(¢) RIoU(B, H, _) for rectangles B relative to outer border
O. The maximum value of 1 is reached if and only if
B CO.

Figure 1. RIoU (B, -, -) for axis-aligned boxes in 2D. Penalty
areas are hatched. Legends display numerical RIoU values
and the rectangle color palette follows a piecewise-linear
scale from blue (—1) through red (0) to green (1).

e a partially specified axis-aligned box H = (I",u"),
referred to as the hole border, and

e a partially specified axis-aligned box O = (1°,u°),
referred to as the outer border,

let

(2)

where 0 < p < oo, Ly, is the distance induced by the p-norm
in the R?? Cartesian coordinate space, and J = (I7,u/)
represents any axis-aligned box which includes H and is
itself included in O, i.e. 19 < 17 < Il and ul < ul < u? for

Ry(B.H,0)= min L,(B,.J).
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1=1.d.

The axis-aligned boxes J in Definition 2 are said to be
compatible with the hole border H and the outer border
0.

By convention, whenever ¢, [?, ul, or u¢ are
unspecified in Definition 2 the corresponding
inequalities are removed. Moreover, if H = O, then
R, reduces to the standard L, distance between
axis-aligned boxes represented by their lower-bound
and upper-bound corners.

The computation of R, is given in Algorithm 1.

Algorithm 1: Ry
axis-aligned boxes
Input: B = (I°,u°), H = (1", u"), O =
fori=1toddo
if [¢ is unspecified then
[§ ¢ —o0
end if
if u? is unspecified then
end if
if I is unspecified then
I u?
end if
if u!! is unspecified then
ult 19
end if
I¥ + min(max(1,19),1
u? < min(max(u?, u?)
end for
— (1", u") {Nearest compatible neighbor}
return || B — X ||, {Optimal distance}

Relaxed L, distance of

(12, u)

) {Clamp 1} }
,uf) {Clamp v} }

Proof of Algorithm 1. The correctness follows because
each dimension can be clamped in independently.
Thus, the optimal compatible box can be constructed
dimension by dimension. O

Some 2D examples of R are shown in Figure 2.

5 Relaxed L, Distance in Center-Size Format
(R1)

In DETR, the distance between axis-aligned boxes is not

computed directly from the lower- and upper-bound

corner coordinates. Instead, it is measured between

their box centers and sizes.
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(a) Expression 1 — 2R (B, H,O)/ maxp R; for rectangles
B relative to hole and outer borders H C O. R; reaches its
minimum value 0 if and only if H C B C O.
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(b) Expression 1 — 2Ry (B, H,_)/ maxpg R; for rectangles B
relative to hole border H. R, reaches its minimum value 0
ifand only if H C B.
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(c) Expression 1 — 2Ry (B, _, 0)/ maxp R; for rectangles B
relative to outer border O. R; reaches its minimum value 0
if and only if B C O.

Figure 2. Expression 1 — 2Ry (B, -,-)/ maxpg R1(B, -, -) for
axis-aligned boxes in 2D. Penalty areas are hatched. The
color palette and the boxes B, hole borders H and outer
borders O are as in Figure 1.

A simple two-step algorithm can be used to find the
nearest compatible L; neighbor in the center—size
format. For each dimension:

1. Clamp the size of the interval between the
minimum and maximum size of any box
compatible with the target relaxed box. The center
location does not affect this step;

2. Move the center of the interval by the smallest
amount necessary — while keeping its size fixed
as determined in the previous step — so that it

becomes compatible with the target relaxed box.

A formal treatment of a broader class of linearly
transformed boxes is provided in Appendix B, of which
the center-size representation is a special case which
is illustrated in Appendix C.

6 Training for Post-Inference Processing

Object detection is often followed by post-processing
steps exhibiting constant regions, e.g. by partially
discretizing the predicted bounding boxes. This
effectively creates equivalence classes of image
annotations.

If a subset of the ground-truth boxes in a training
example can be relaxed simultaneously without
any compatible combination of boxes leaving the
equivalence class, then the training objective can
be adapted to target not only the original example,
but a larger subset of its equivalence class. This
procedure can improve performance by providing
better alignment of the training objective, while also
offering several practical advantages:

e Box relaxation within the equivalence class
only needs to be applied to ground-truth
examples. Since these are already curated, their
post-processing can be simpler than that of
predicted boxes.

e Ground-truth boxes for which the objective
function is not demonstrably constant in a local
region can still be included in the training set,
albeit without relaxation.

e There is no need to design a new loss or bipartite
matching cost function for every post-processing
algorithm. The same loss functions developed
previously can be applied without modification.

GriTS

6.1 TSR with Relaxed Boxes wunder

Equivalence

It is next shown how the box relaxation procedure can
be applied to table structure recognition (TSR).

A set of metrics sharing a common framework has
been proposed to evaluate the performance of table cell
content, location, and topology recognition: GriT'Scon,
GriTSroc, and GriT' Stop. The metric Accoon has also
been derived as the case where GriT Sco, = 1.

GriT'Scon relies for cell-partial correctness on the
normalized length of the longest contiguous junk-free
matching subsequence. GriT'St,. and GriT St,, rely
instead on the intersection area divided by the area of
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the minimal box enclosing both predicted and target
boxes (according to the open-source implementation,
which differs from the “IoU” designation in [13]).

These metrics rely on an approximate matrix similarity
algorithm applied to table cell matrices, which
represent strongly discretized versions of the target
and predicted boxes.

Box relaxation under table cell matrix equivalence is
formulated as a constrained optimization problem in
which the hole and outer borders serve as optimization
variables. The optimization objective is defined as the
sum of the differences between the perimeters of the
outer and hole borders. The constraints which ensure
table cell matrix equivalence fall into three categories:

e Bound constraints, e.g. the hole border of each
object must contain the center of the original box;

e Linear constraints, e.g. a row underlying a header
must have substantial vertical overlap with the
header;

e Non-linear constraints, e.g. on the amount of area
overlap between spanning cells and simple cells.

The resulting relaxed boxes for a PubTables-1M
training example is shown in Figure 3.

Additional details of the constrained optimization
problem are provided in Appendix D.

7 Experimental Results

The experiments were performed on an NVIDIA
GeForce RTX 3070 with an Intel i9-9900K CPU and
a Gen-4 ThinkPad Laptop. The source code is publicly
available at https:/github.com/aioaneid/table-transformer.

7.1 Table Detection (TD) with Box Relaxation

The TATR model for TD was trained using the
following procedures:

[A] Using the full PubTables-1M training dataset for
table detection;

Restricting the training data to images containing
only a single table;

Including all images, but in multi-table images
keeping only one randomly selected table;

Including all images, but in multi-table images
keeping the bounding box of a single randomly
selected table, while relaxing the bounding boxes
of the others so their outer borders cover the
full image and hole borders are absent. This is
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equivalent to counting objects by category, i.e.
either table or table rotated;

Including all images, and relaxing each bounding
box by shrinking and expanding each dimension
by 2 pixels around the box center to obtain
the hole and outer borders, respectively. The
tight-annotation crop of TATR was configured to
crop around the outer border;

Including all images, and symmetrically relaxing
each bounding box in both dimensions by 4 pixels,
or less if required to maintain symmetry, while
keeping the box center fixed. The tight-annotation
crop of TATR was configured to crop around
the midline between the hole and outer borders,
which coincides with the original bounding box;

[G] Same as Model [F], but with 8 pixels of relaxation

instead of 4.

As shown in Table 1, the cardinality error — measured
as the average absolute error in the number of
predicted objects — is highest when only one table is
annotated in multi-table images (Models [B] and [C]).
With box relaxation, however, the remaining tables
can be counted by object category (fable or table rotated)
(Model [D]), restoring the cardinality error to the level
observed with standard training (Model [A]).

A small amount of relaxation either has negligible
impact on the COCO metrics (Model [E]), or slightly
reduces them while also reducing the object cardinality
error (Models [F] and [G]). In these experiments,
the cardinality error consistently decreased with
increasing box relaxation.

Table 1. The best — across all 20 training epochs —
Cardinality Error, COCO Average Precision (AP) and
COCO Average Recall (AR) for each TD model described
in Section 7.1. In each column, the best and worst results
are shown in bold and italic, respectively.

Model Card. AP AR Training Dataset
Error
Model [A] 0.0018 0.9800 0.9900 Full PubTables-1M
training dataset
Model [B] 0.1050 0.8700 0.8870 Only images containing
a single table
All images, but in each image
Model [C] 0.0186 09770 0.9880 keeping 1 randomly selected table
All images, 1 random table/image
Model [D] 0.0018 09730 0.9880 and counting the other tables
All images with all tables
Model [E] 0.0018 09800 0.9900 . ' ""¢ expanded by 2 pixels
All images with all tables
Model [F] 0.0016 09790 0.9900 shrunk and expanded by 4 pixels
Model [G] 0.0014 09760 09850 , Allimages with all tables

shrunk and expanded by 8 pixels
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Table T. Secondary structure content of as dimers as determined by FIIR Spectroscopy analysis reported mn Fig. 2.
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(c) Relaxed first column, which can extend indefinitely to the left.
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(d) Relaxed second column, allowing some overlap with nearby columns.

/////

Figure 3. Subset of hole and outer border pairs for a training TSR image [9]. Hole border penalty areas are diagonally
hatched in crimson, while outer border penalty areas are back-diagonally hatched in navy blue.

Figure 4 shows a validation image where the standard Another validation example, shown in Figure 5,
model (Model [A]) detects a spurious table, while illustrates a case where both the standard model
the model trained with 8 pixels of box relaxation (Model [A]) and the 8-pixel relaxation model
(Model [G]) correctly identifies all tables. (Model [G]) detect a spurious table, but at different
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Table 4. Comparison of the standard MGPS score and MCEM MGPS score by reporting ending years.

(b) Table detection by the model trained with 8 pixels of
box relaxation (Model [G]).

Figure 4. A validation image excerpt in which the standard
model [25] (Model [A]) finds a spurious table (a), while
the model trained with 8 pixels of box relaxation
(Model [G]) correctly identifies all tables (b).

locations.

These results confirm that box relaxation enables
the training of object detection models using
partial or relaxed annotations, without introducing
performance-damaging contradictions in the training
dataset.

114

Table 1. The p-value of the percentage of viable mouse glioma cell line CT2A cells after exposure to &
100 uT electromagnetic field (EMF) at 20 Hz.

Table 2. The p-value of the percentage of viable CT2A cells after exposure to a 100 uT EMF at 30 Hz.
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Table 3. The p-value of the percentage of viable CT2A cells after the exposure to a 100 uT EMF at 50 Hz
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(a) The standard model (Model [A]) duplicates the first
table.

Table 1. The p-value of the percentage of viable mouse glioma cell line CT2A cells after exposure to &
100 uT electromagnetic field (EMF) at 20 Hz.
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Table 2. The p-value of the percentage of viable CT2A cells after exposure to a 100 uT EMF at 30 Hz.

Table 3. The p-value of the percentage of viable CT2A cells after the exposure to a 100 uT EMF at 50 Hz
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(b) The model trained with 8 pixels of box relaxation
(Model [G]) duplicates the second table.

Figure 5. Excerpt from a validation image showing TD
inferences of the standard model and the model trained
with 8-pixel box relaxation [26].

7.2 Table Structure Recognition (TSR) with Box
Relaxation

A stronger baseline than TATR v1.1 was established
first by fixing the following issues in the open-source
implementation:

e In some cases, disjoint boxes were incorrectly
considered to have a non-zero intersection area;

e The row and column alignment code
unintentionally altered shared data structures;

e Multiple overlapping predicted headers were
incorrectly aligned;

e The state of the random number generator was
lost when training was resumed.

As shown in Table 2, the resulting baseline significantly
outperforms previously reported metrics.

As an object-detection model, the TATR TSR model
benefits from the same advantages described in
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Section 7.1. Training with missing annotations is
feasible provided that objects are counted according to
TSR categories: table, table column, table row, table column
header, table projected row header, and table spanning cell.
Partial annotations are also supported. For example,
a zero-area table column hole border can be created
with a single click inside a column (not shown).

Box relaxation can further improve TSR performance
via the constrained box relaxation technique described
in Section 6.1. In order to not interfere with TATR
v1.1’s tight annotation cropping, the table outer border
was fixed to the original bounding box. Training
with constrained box relaxation led to substantial
improvements in the GriTS metrics for the category of
simple tables, as shown in Table 2.

Table 2. GriTS performance of TATR v1.0, v1.1, v1.1 with
bug fixes, and v1.1 with bug fixes plus constrained table
relaxation. In each row, the best result within its category is
shown in bold. One epoch corresponds to all 758,849
PubTables-1M TSR training images. For comparison, the
original TATR v1.1 model was previously trained for 30
epochs of 720,000 images each.

All tables
Metric TATRv1.0 TATRv1.1 Bug fixes  Box relaxation
Accoon 0.8243 0.8326 0.8433 0.8458
GriTScon 0.9850 0.9855 0.9862 0.9866
GriTSLoc 0.9786 0.9797 0.9806 0.9811
GriT'Stop 0.9849 0.9851 0.9858 0.9861
Epochs 20 28.5 28 28
Simple tables (no spanning cells)
Metric TATR v1.1 Bug fixes  Box relaxation
Acccon 0.9551 0.9661 0.9667
GriTScon 0.9936 0.9947 0.9954
GriT'SLoc 0.9922 0.9934 0.9941
GriT'Stop 0.9943 0.9953 0.9960
Epochs 28.5 28 28
Complex tables (with spanning cells)
Metric TATR v1.1 Bug fixes  Box relaxation
Accoon 0.7186 0.7324 0.7363
GriTScon 0.9777 0.9786 0.9789
GriTSLoe 0.9680 0.9693 0.9697
GriT'Stop 0.9761 0.9774 0.9773
Epochs 28.5 28 28

A comparison on a simple image between the baseline
model and the constrained box relaxation model is
shown in Figure 6.

While constrained box relaxation consistently
improved performance across epochs and GriTS
metrics for simple tables, no clear pattern emerged for
complex tables (Figure 10). Investigation revealed
that approximately 1.4% of the complex tables contain
a spanning cell deemed invalid by the cell-matrix
extraction procedure.

Such a validation example is shown in Figure 7.
In the PubTables-1M annotation, the spanning cell
at the beginning of the second row (Figure 7(a))
violates TATR’s assumption of a tree structure of
spanning cells within a header, causing it to be
treated as invalid and dropped. Consequently, the
text “Analysis without 12-gene risk score” is split into
two simple cells (Figure 7(b)). The header is also
incorrectly annotated as three rows instead of one,
and a spurious vertical spanning cell encompasses
the text “(0.84-2.16)”. The baseline model (TATR
v1.l1 with bug fixes) also made multiple errors
(Figure 8) but matched the PubTables-1M annotation
somewhat closely, achieving GriT'Sco, = 0.9821,
GriTSr,. = 09770, and GriT'St,, = 0.9821 on
this image alone. By contrast, the constrained box
relaxation model made a single mistake by missing
a spanning cell (Figure 9), which by comparison to
the PubTables-1M annotation results in lower metric
values of GriTScon, = 0.9059, GriTSr,. = 0.7048
and GriT'Sto,, = 0.8815. This example highlights
the need for curated complex-table annotations in
PubTables-1M for accurate benchmarking.

To enable comparison with previously published
results, PubTables-1M tables containing provably
invalid spanning cells were not excluded. Given that
these PubTables-1M annotations violate some of the
constraints in Equation (6), they represent infeasible
solutions to the numerical optimization problem. For
this reason they were included in the training dataset
without any relaxation.

7.3 Model Training Performance

Since the loss function is modified only slightly and
the model size remains unchanged, box relaxation has
a marginal impact on training time per epoch. Indeed,
in the experiments presented here, box relaxation
increased the training time by about 1%. The inference
procedure, on the other hand, remains unaffected.

The preparation of the training dataset with relaxed
boxes must also be considered. This step is
easily parallelizable, as there are no cross-image
dependencies. While faster and more sophisticated
numerical optimization tools exist, the TSR results
reported here were obtained using a Python
implementation of Algorithm 3, which takes
approximately 10 seconds per image on a single laptop
CPU core.
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(d) The table cell matrix of the model trained on relaxed boxes corresponding to (c), without errors.

Figure 6. Comparison of baseline and model trained with relaxed boxes on a simple table from PubTables-1M [27].
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\Variable* P-value
2\ x AAAAAAAAAAAAAAAAAAAAAAAA
Gender (Male) 0.22 %34 } N
/Age at diagnosis (>60) 0.08 1.61 (0.95-2.74)
Tumor Stage
Stage |l 6.25E-05 291 (1.72-4.91)
Stage Il 1.09E-05 4.16 (2.20-7.85)
nalysis with 12-gene risk §core
iGender (Male) 0.17 1.40 (0.87-2.26)
iAge at diagnosis (>60) 0.29 1.34 (0.78-2.31)
umor Stage
Stage I 3.47E-04 2.61 (1.54-4.43)
Stage |lI 7.40E-06 4.31 (2.28-8.16)
N2-gene riskscore |  3.10E-05 :_ 3.94 | (2.07-7.52)

(a) The box annotations as they appear in the
PubTables-1M validation dataset. The header, which in
reality consists of only the top row, is incorrectly annotated
in PubTables-1M as spanning the top three rows. Of the
three spanning cell annotations (green, back diagonal
hatch pattern), only the top-right one is correct.

Variable* i P-value |

iGender (Male) y 0.22 1
iAge_at diagnosis_(>60)___1 0.08 |
Tumor Stage

i-_sStage |l ¥ 6.25E-05 |
i__Stage_lIl W 1.09E-05 |
Analysis_with 12-gene_risk score.

iGender (Male) N 0.17 :
iAge_at diagnosis_(>60)___1 0.29 ]
Tumor Stage

i__Stage_li i 347E-04
i__Stage_lil ¥ 7.40E-06 |
12-generisk score i __ 3.10E-05

(b) The table cell matrix corresponding to the
PubTables-1M box annotations of (a). The spanning cell
holding together the text in the second row is deemed
invalid by the TATR cell-matrix extraction procedure, so
the row’s text gets split in two cells.

Figure 7. A table image with an incorrect annotation in the
PubTables-1M validation set [28]. The column header is
colored dark orange with a dot hatch pattern, and the
projected row headers are colored dark turquoise with a
diagonal hatch pattern.

8 Future Directions

Asnoted in Section 7.2, the TATR cell-matrix extraction
procedure detects invalid spanning cell annotations
in approximately 1.4% of the PubTables-1M complex
tables. Because other complex tables may contain
additional types of errors, curating the entire subset
of complex tables would be a valuable step toward
improving both the training and benchmarking of TSR
models.

FREREY N
Gender (Male) 0.22 1.34 (0.84-2.16)
Age at diagnosis (>60) 0.08 1.61 (0.95-2.74)
Tumor Stage
Stage I 6.25E-05 2191 (1.72-4.91)
Stage Il 1.09E-05 4.16 (2.20-7.85)
nalysis with 12-gene risk score
Gender (Male) 0.17 1.40 (0.87-2.26)
Age at diagnosis (>60) 0.29 1.34 (0.78-2.31)
umor Stage
Stage I 3.47E-04 2.61 (1.54-4.43)
Stage |lI 7.40E-06 4.31 (2.28-8.16)
12-gene risk score 3.10E-05 394 | (2.07-7.52)

(a) Box annotations inferred by the baseline model (TATR
v1.1 with bug fixes). The header, which in reality consists
only of the top row, is incorrectly inferred to span the top
two rows. Of the three spanning cell annotations (green

with back-diagonal hatch), only the top-right one is correct.

Variable* i P-value |

Gender (Male) i 0.22 i
iAge at diagnosis_(>60)___i 0.08 i
Tumor Stage

i__Stage._ll H 6.25E-05 |
i Stage.lil - 1.09E-05 1
1Analysis_with 12-gene risk score

iGender (Male) i 017 1
iAge_at diagnosis_(>60)___1 0.29 :
Tumor_Stage

i__Stage._ll i 3.47E-04 |
i._Stage._lll " 7.40E-06
12-generisk score i __ 3.10E-05

(b) The cell matrix produced by the baseline model,
corresponding to (a).

Figure 8. The same table image as in Figure 7, processed
with the baseline model (TATR v1.1 with bug fixes). The
column header is shown in dark orange and with a dotted

hatch. The projected row headers are shown in dark
turquoise with a diagonal hatch.

The splitting of the common expression “Hazard Ratio”
into separate simple cells (Figure 7(b)) suggests that
integrating even basic text-understanding techniques
could further enhance performance.

The box relaxation technique presented here could also
be applied to more general object detection datasets,
particularly as a method for handling noisy or partial
annotations.

In cases with missing box annotations, the current
requirement to count objects by category can be
relaxed, allowing all unannotated objects to be counted
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(a) Box annotations inferred by the constrained box
relaxation model. The column header, projected row
headers, rows, and columns are correctly identified, with
only minor boundary shifts which do not influence the cell
matrix extraction. However, the horizontal spanning cell in
the top-right corner is not detected.

022 P34 (084-2.16)

0.08 i 6111 (095-2.74) i
6.25E-05°1 291 i1 (1.72-4.91) :
M.09E-05_ 4.6 i1 (2.20-7.85) :
017 I 40 i (087-2.26) ;
0.29 P 3411 (078-2.31) i
347E-041 2,61 ___if (154-4.43) :
740E-06_! 431 11 (228-8.16) :
3.10E-05 3.94 |/ (2.07-7.52) !

(b) The cell matrix corresponding to (a). The only error is
the missing top-right spanning cell, causing the text
“Hazard” to appear in its own simple cell.

Figure 9. The same table image as in Figures 7 and 8,
processed with the model trained with constrained box
relaxation. The column header is shown in dark orange

with a dotted hatch. The projected row headers are shown
in dark turquoise with a diagonal hatch.

together, regardless of their category.

Extending the method beyond axis-aligned boxes to
structured convex shapes, using a technique similar to
that of MGIoU [24], would significantly broaden its
applicability.

Finally, Appendix C shows that the L; distance in
center—size format implicitly prioritizes box size, and
it proposes the center-half-size format to mitigate this

imbalance for object detection with the L; distance.

A promising direction for future work is to assess
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Figure 10. GriTS metrics for simple and complex tables,
comparing the constrained box relaxation TSR model to
TATR v1.1 with bug fixes. The first five epochs are omitted.
The previously published TATR v1.1 model is shown for
the best epoch reported in Figure 7 of [12].

the impact of this modification, as well as other
use—case-specific linear transformations informed by
Appendix B, on DETR and related models.

9 Conclusion

This work demonstrates that box relaxation lowers
the barrier to image annotation for training object
detection models by requiring bounding boxes for
only a subset of objects in each image and by allowing
approximate bounding boxes, all without introducing
contradictions into the loss function. Furthermore,
discretized post-training steps can be leveraged during
training as relaxed ground-truth boxes.

Taken together, these results establish box relaxation
as an effective tool for reducing dataset annotation
requirements. Moreover, in computer vision pipelines
with non-injective or discretizing post-inference
steps, it can enhance end-to-end performance, as
demonstrated for TSR.
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A Appendix

B Relaxed [; Distance
Axis-Aligned Boxes (R!)

An algorithm is derived for computing the relaxed
L, distance between axis-aligned boxes whose
coordinates are transformed via function pairs 77 :

of Transformed
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R? — R, from which the center—size format will follow
as a special case.

A transformed axis-aligned box in Rﬁl is represented as
a vector b = (I,1) € R%*, where I; = f#(l;,u;) and

For a partially specified axis-aligned box, if I; or @; is
missing, both values are treated as missing. That is,
for any dimension i, either both I; and 1i; are specified,
or neither is.

Definition 3 (R!: Relaxed L, distance of transformed
axis-aligned boxes). Given

e an arbitrary predicted box B = (I°,u®) and its
transformed version B = (I°,aP), where ! =
8, ul) and @2 = fH(12,ul) for i = 1..d, referred
to as the transformed predicted box,

o a partially specified outer border O = (I1°,u°) and
its transformed version O = (1°,4°), where 19 =
210, u?) and a¢ = fH(12,u?) for i = 1..d, referred to
as the transformed outer border, and

e a partially specified hole border H = (I",u") and
its transformed version H = (I",a"), where I =
(IR uly and @b = FHIR,ul) for i = 1..d, referred
to as the transformed hole border,

R, is defined as

LR O — BT
R,(B,H,0) = fin L,(B,I)

(3)

where 0 < p < oo and L, denotes the distance induced by
the p-norm in R??,

It is shown below that for p = 1, the simultaneous
distance minimization of f* and f* can, for a large class
of functions, be simplified to a sequential minimization
performed in a specific order. To that end, several
auxiliary lemmas are established first.

Lemma 1. Let D C E be two arbitrary sets, and let f5! :
E +— R be functions such that f'(D) (i.e. the image of D
under f') is a closed interval and, VX,Y € D,3X’ € D
s.t. fHUX") = fUX) and |f5(X') — (V)] < [f1(X) -
FH(Y)l

Then for any B € E s.t. minsep Ll(B, 1:) exists, it holds
that

rlnelﬂl)}Ll(B,I) = q+

mln S B __f£S J ’
JE]D)s.t.\ft(B),ft(J)‘:q’f ( ) f ( )’
(4)

where ¢ = minrep | f*(B) — f*(I)].
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Lemma 1 essentially states that if f° can change in
absolute value no faster than f?, then the nearest L,
neighbour of B under the transformation (f*, f*) can
be found by first minimizing the absolute difference
to f*(D) and then, constrained by that, minimizing the
absolute difference to f*.

Proof of Lemma 1. For an arbitrary B € E, let
J = J(B) € D be the point that minimizes the
absolute difference to f!(B), i.e. |fY{(B) — f{(J)| =
minsep |fY(B) — fi(I)|. For any K € D, according
to the lemma hypothesis 3J' = J'(J(B), K) € D s.t.
FHI) = FCT) and [ = PK)| < |G = 1))
It will be shown next that L (B, J’) < L1(B, K).

By definition of J, the closest point to f!(B) in the
closed interval f(D) is f!(J). Since K € D hence
JUK) € fY(D), it follows that either f!(J) = f(B), or
FUK) < f1(J) < f1(B), or f/(B) < f(J) < f{(K). In
all cases, | f/(B) — f(J)| = [f/(B) = f'(¥K)| = | f/(K) —
FEI-

Hence L1(B, J') = [f*(B)—f*(J)|+|f/(B) - f'(J')| =
[£5(B) = f(I) +f4(B) = f/()] = | f5(B) — f*(K) +
FE) = I+ fUB) = fE)| = 1K) = ()] Tt
follows that Ly (B, J") < |f*(B) — f*(K)| + | f*(K) —
FIHLF(B) = FHUE) = 1K) = fA((I)] < [f(B) -
FE)+IfUB) = fUK)| = L1(B, K).

Since K € D was arbitrary, substituting I = I(B) =
argmin;cp | f1(B) — f'(I)| for K shows that the overall
minimum is achieved not only at I, but also at J' =
J'(J(B),I(B)). The latter satisfies f!(J') = fi(J),
concluding the proof. O

Lemma2. Let o®t, 35 € Rsatisfy || < |at|and |3%| <
|Bt|. Then, for any a,b € R, Jv = v(a,b),w = w(a,b) €
R s.t. min(0,a) < v < max(0,a), min(0,b) < w <
max(0,b), a'v + Blw = ala + B, and |av + Bw| <
lata + ).

Proof of Lemma 2. If a'af'b > 0, then |afa + (5|
|o*al +18°b = |o|-|al+|5°| - |b] < [o*]-]al + 5] - 0]
lata + '], so the lemma holds with v = a and w = b.

<

Otherwise let afafld < 0. If |3'b] > |atal, choose
v=0andw = %‘—Ia + b, which satisfies min(0,b) <
w < max(0,b). Finally let |3'b| < |a‘a| and choose
v=a+ g—zb, which satisfies min(0,a) < v < max(0, a)
and w = 0, thus concluding the constructive proof. [J

Finally, it is shown that, for a large class of linear
function pairs, clamping to the image of one function
first yields a correct nearest compatible neighbor.

Lemma 3. Let f&' : R — R be two real-valued linear
functions defined by f*(z,y) = o’z + By, fi(x,y) =
ofx + By, with o, g5 € R. If |of| < |ot| and |55 <
|Bt], then f5! satisfy the conditions of Lemma 1 for any cross
product of closed intervals D = [1°,1"] x [u",u°] C R? = EE.

Proof of Lemma 3. Let X = (I*,v”) and Y = (I, uY) be
points in D as in Lemma 1. Apply Lemma 2 with a =
I*=1¥,b =u"—uY,toobtainv = v(X,Y), w =w(X,Y).
Define X' = (lwl,u’f/), =1+ v, u" =u¥ +w.

It will be shown next that the four conditions of

Lemma 1 are satisfied by X, Y, and X"

e f!(D) is a closed interval;

e X' ey
o £ = X,
o [[*(X) = (V)| <|FUX) - f{Y)I.

The first condition follows from the linearity
fto fA(D) = [min(fY(S)), max(fi(S))] where S
{rrqe, al), fro, ), iy, FL I ue)).

The second condition is satisfied because [° <
min(l*, %) = ¥ + min(0,1* — I¥) < ¥ < I¥ +
max(0,1* — 1Y) = max(%,1%) < " and similarly
u" < min(u®,w?) = w¥ + min(0,u” — w’) < uF <
uw¥ + max(0, u” — u¥) = max(u”, u¥) < u°.

The third condition can be proved as follows: f!(X’) =
o1 4 Bl = ot (1Y +v)+ BH(u? +w) = (allV 4 Stu?) +
(atv + ptw) = (1Y + BtuY) + (ata + Bth) = ('Y +
BuY) +al (I1F = 1Y)+ Bt (u® —uY) = oll* + ftu® = fH(X).
Finally the fourth condition follows from |f*(X’) —
FE)| = |17 4+ B5u™ — (s 1V + BouY)| = |o® (1% — 1Y) +
B (u® —u¥)| = [a*v+Bow| < |ata+ 0| = ot (1" —1¥)+
B —u)| = [(a'l*+B'u®) — (o'l +B'u¥)| = | F1(X) -
A

Y')|, which concludes the constructive proof. [

The complete algorithm for the general case of
Lemma 3 is given in Algorithm 2. The algorithm for
the center-size format, as used in DETR, is obtained
as the special case with o® = 3° = Y and o = —1,

gt =1.

Proof of Algorithm 2. The dimensions are independent
of each other, so it is sufficient to prove correctness
in the 1-dimensional case. To simplify notation, the
dimension index i is dropped.

If the outer border is missing, it is set equal to
the full range of the respective dimension, i.e., no
localization information is provided from the outer
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Algorithm 2: R}: L; with transformed coordinates

Input: B = (I,a%),0 = (I°,a°), H = (I",a"),
O‘i.d’ﬁf..dvaid7ﬁit..d; .
o] < 18210 < o] < |8
for:=1..ddo
b il — Bial; i ool — BE !
if 5, > 0 then
if 0;8; > 0 then ) )
lf < af(=p5ug + BHY) + Bl (agal — ofil);
W)« af(=praf + BIY) + i (afug — all?)
elsNe . .
I« aj(=Bfug + Bi7) + B (agag — aflf);
fh — af(=pral + B + Bi(agal — ofi})
end if
else
if ;3 > 0 then ) 3
I} < alb(=Bral + BILY) + Bi(aga) — afl});
< af(—p7ug + Bil9) + B (afag — afl?)
else

cas Bl £ Biali=1.d

end if
end if
@i; < min(max(5;a?, 1%, at) {Clamp d6;al}
if ! > 0 then
if 3! > 0 then
I? « max(#;5al + 5ia§(~fl~i0 -
B2g), wiaf Bf — 8;8; (—afly + agag))
a$ < min(a;Bfal + 51‘0@([3}[2’? —
Bil), o B — 6:8L(—alll + afult))
else
I3« max(@;8fal + d;al(BHY —
S09), G B — 6i8L(—alll + afult))
@§ + min(@; 8ol + S;al(BHM —
Bl oy Bt — 6;81(—all? + aji))
end if
else
if 8! > 0 then
I3+ max(i;Bal + dat(BHY —
pral), w5 — Bio(—afly + ajig))
@ < min(@; 550t + dat(BHY —
Byag), e Bf — BEo(—alll + agaf))
else
I3« max(@;Bfal + dal (Bl —
pal), wio Bt — Bi6(—ofll + ajaf))
a$ < min(a;Bfal + (50@(@% —

0?), Uiof B — Bio(—ogly + afg))
end if
end if
l; + min(max(atBL612,13), a3) {Clamp &;alBH0}
end for

X « (I/(6a!Bt),1/8) {Nearest neighbor}
return || B — X||; {Optimal distance}
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border. Similarly, a missing hole border interval is
removed by setting I" = u° and u" = [°. In this
way, both hole border constraints [ < [ < " and
uP < u < u°® become equivalent to I° < | < u® = I
and v =1° < u <uwe, respectively.

By Lemma 3, it is valid to first clamp @’ to its
valid range. Multiplying by the non-zero constant
5, 6@’ can then be clamped to the interval [I*,a!],
where I* = ming<jpn yn<y<yo 0(all + Bu) and @t =
MAaXjo<j<ih yh<y<yo 0(Q'] + Bu).

In this formulation, [°,u°, " u" are not directly
provided, but (" = *1%" + B*u®" and 4" = 1o +
Blu®h are given instead. Solving this system gives
§ioh — _53,&0,}1 + Bt[o,h and duo" = aSuoh — atio,h.

Observe that §(a'l + Blu) = o(8l) + B (du). When
da! > 0 and 68" > 0, the minimum becomes I! =
at(61°) + Bt(6u") and the maximum @t = of(51") +
B(6u®), exactly as computed by the algorithm. The
other cases are analogous.

Once §@b is clamped to obtain @, that can be enforced
as the constraint §(a'l + 'u) = 4, which is equivalent
to 638'u = @ —dall. Then dal Bt (asl+ B5u) = Satal B+
Biat(u — datl) = Bata + 6al(dl). If o* > 0, the
condition [° < [ < I" becomes B°all + dat(—B%u° +
Bl°) = B*atu + 6at(01°) < datBi(all + BPu) <
Bsatu+dal(81") = Batiu4dal(—B5u+BH"). The case
ol < 0 is treated similarly. By writing da'l = 4 — §3%u
the condition v" < wu < w° yields an analogous
interval constraint. The algorithm clamps da!SP to
the intersection of these two intervals, which concludes
the correctness proof. O

C Center-size Representation
Figure A1 shows 2D examples of R} (-,-,-,%,%,—1,1).

A comparison of the nearest compatible neighbours in
lower- and upper-bound corner coordinates (R;) and
the center-size format (R! (-, -, -, %,%, —1,1)) is shown
in Figure A2.

Interestingly, Figure A2 can be interpreted outside the
context of box relaxation by considering the predicted
boxes and their nearest neighbors to be target boxes
and predicted boxes, respectively. More precisely, for
each (target) box B, among the two nearest-neighbor
(predicted) boxes, the L; distance in center—size
format is smaller for the predicted box that better
preserves the size.

Section Appendix B can aid in designing alternative
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(a) Expression 1 —
2R'(B,H,0,%,%,—1,1)/ maxp R (B, H,0,%, %, —1,1)
for rectangles B relative to hole and outer borders H C O.
R! reaches its minimum value 0 if and only if H C B C O.
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(b) Expression
1—2RY(B,H,_,%,%,—1,1)/ maxg RY(B, H, _,%,%,—1,1)
for rectangles B relative to hole border H. R} reaches its
minimum value 0 if and only if H C B.

R NN
N\ S e
NN \& £ 0.24
NN N 1.00

(c) Expression
1—2RY(B,_,0,%,%,—1,1)/ maxp R} (B,_,0,%,%,—1,1)
for rectangles B relative to outer border O. R} reaches its

minimum value 0 if and only if B C O.

Figure Al. Expression
1—2R!(B,-,-,%,%,—1,1)/ maxp R} (B, -, -, %,%, —1,1) for
axis-aligned boxes in 2D. A tilde on an axis-aligned box
variable denotes its representation in the center—size
format. Penalty areas are hatched. The color palette and
the boxes B, hole border H, and outer border O are as in
Figures 1 and 2.

linear transformations with different preferences. For
instance, to achieve a better balance between box

\

\i\k\\ 0.36
NN - 0.47
NN 1.00

i
]
_--T--l

(a) Nearest compatible neighbor according to R, (B, H, O)
from Figure A1(b), computed using Algorithm 1. Lower-
and upper-bound corners are preserved as much as

possible.
< <

N N\=Fs
\\\\k\\ ! \\\i T 0.28
NN it i B JCZ5 0.57
! 1.00

_______ i 5 i

A I

(b) Nearest compatible neighbor according to
RY(B, H,0,%,%, —1,1) from Figure Al(c), computed
using Algorithm 2. Box sizes are preserved as much as

possible, whereas centers play a secondary role.
Figure A2. Comparison of R;(B, H,O) and
RY(B, H,0,%,%, —1,1) for rectangles B relative to hole
border H and outer border O. The nearest compatible
neighbour depends on the representation of the
axis-aligned boxes. A tilde on a box variable indicates the
center—size representation. Penalty areas are hatched. The
color palette and the boxes B, hole border H, and outer
border O are as in Figures 1, 2 and Al.

center and size, the size should be considered halved,
resulting in the center-half-size format. This ensures
that || laf| = ¥ and |B%] 1Bt = %, so
that Lemma 3 remains equally valid if f* and f* in
Definition 3 are swapped.

D Constrained Box Relaxation for Table
Structure Recognition (TSR)

Given the image box, text spans, and original
ground-truth boxes in Equation (5), where the two
dimensions are denoted by ¢ = 0..1, these represent
a known feasible interior point for the non-linear
optimization problem in Equation (6), with £(box)
denoting the perimeter of an axis-aligned box.
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Algorithm 3: T'sr Relax: Relax target table object
boxes under GriTS equivalence

Th « T} C]h — Cj,5=1.ng R;L +— R;,j=1.n,;
KP < Kj,j=1.ny; P+ Pj,j = 1.ny; SI' < Sj,j = L.ng;
{Hole borders equal to input boxes}
T° «+T,C7 <+ Cj,j =1.ne; R} < R;,j = 1.ny;
K¢« Kj,j = 1.ng; PY < Pj,j = 1.ny; S 8,5 = 1.ng;
{Outer borders equal to input boxes}
while not converged do
for b € [1024, 512,256, 128, 64,32, 16,8, 4,2, 1] do
Generate a random permutation of size
8 X (1 4 n¢ + nr + ng + np + ns) of all relaxed corner
coordinates;
for each relaxed corner coordinate in the random
permutation order: do
a < uniform random number in [0, b);
if this is a lower bound of a hole border, or an upper
bound of an outer border then
Add «a to the current relaxed corner coordinate;
else
Subtract « from the current relaxed corner
coordinate.
end if
If any constraint is violated, revert the last update +a.
end for
end for
end while
return 7", T°

Image: I = (I§, 15, ug, uf);
I <ufi=0.1
Text spans: A; =

a a a a .
({50, 1515 ufo, ujs) S 1

19 <ulyj=1ling,i=0.1
Table (T.): T = (I§, 1%, ub,ut) C I;
F<ll<ul<uii=0.1
Optional T. col. header: K; = (ljo,lfl, ?0, 1) CT;
lk < u”,j = 1..ng,

ny, € {0, 1}i:0 1,

T. proj. row headers: P; = ) CT,;

(ZJOJJ 1 ]07

B, <uf,j= 1..np,z ~0.1
T. spanning cells: Sj = (150,151, uj0,u51) € T;
I3, <ulyj=1l.ngi=0.1

T. COlumnS: C] - (l]’o, j71,u‘j70,u‘j71) g T,
ljc'ﬂ' S ’U/;’,L‘?j = 1..nc,i - 01
T. columns intersecting T. proj. row headers

or T. spanning cells are sorted left-to-right.

T.rows: Rj = (Lo, jxs w0, u50) € T
l;ﬂ < u;,ihj = 1--nr7i =0.1

T. rows intersecting T. proj. row headers

or T. spanning cells are sorted top-to-bottom.

(5)
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This optimization problem is applied independently
to each training example, making it straightforward
to parallelize. In this work, the randomized approach
presented in Algorithm 3 was used to relax the object
boxes for TSR.

maximize ~ L£(T°) — L(T")
Th',TO;
€02 =1 me
R;-L,R;-),j=1..7LT;
K;”,K;’,j:l..nk;
PP j=1..np;
SP,82.j=1..n,
+ Y [L(65) — £(e)]
j=1
+ Y [L(R)) — L(R])]
j=1
ng
+ ) LKD) — L(KD)]
j=1
+ > [L(P)) - L£(PP)]
j=1
+ > [L(857) = £(S])] (6a)
j=1
subject to
center(T) e ThC T CT°C T
A center(C;) € C’]h cC;coycCl, j=1l.mn,
Acenter(R;) € R? CR;C R]‘? cl, j=1.n,
/\center(K)EK CK; QKJ‘-’QI, j=1l.nyg
Acenter(P)) € P} CP; C Py CI, j=1.m,
A center(S;) € Sh CS;CsyCl, j=1l.ung
(6b)
204, NT| < |Aj| = 2|4;NT° < |4;], j=1.ng
(6¢)
2|AJ ﬂTl > ‘Ajl — 2|AJ ﬂTh| > |Aj|, j = 1..ng4;
(6d)
Other constraints are omitted for brevity.
(6e)
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