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Many document types use intrinsic, convention-
driven structures that serve to encode precise
and structured information, such as the conven-
tions governing engineering drawings. However,
many state-of-the-art approaches treat document
recognition as a mere computer vision prob-
lem, neglecting these underlying document-type-
specific structural properties, making them depen-
dent on sub-optimal heuristic post-processing and
rendering many less frequent or more complicated
document types inaccessible to modern document
recognition. We suggest a novel perspective that
frames document recognition as a transcription
task from a document to a record. This implies
a natural grouping of documents based on the
intrinsic structure inherent in their transcription,
where related document types can be treated

(and learned) similarly. We propose a method
to design structure-specific relational inductive
biases for the underlying machine-learned end-to-
end document recognition systems, and a respec-
tive base transformer architecture that we suc-
cessfully adapt to different structures. We demon-
strate the effectiveness of the so-found inductive
biases in extensive experiments with progressively
complex record structures from monophonic sheet
music, shape drawings, and simplified engineer-
ing drawings. By integrating an inductive bias for
unrestricted graph structures, we train the first-
ever successful end-to-end model to transcribe
mechanical engineering drawings to their inher-
ently interlinked information. Our approach is
relevant to inform the design of document recog-
nition systems for document types that are less
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Fig. 1: Document recognition and natural image analysis are often approached with similar methods,
however: (a) Image analysis is about extracting partial descriptions of complex and ambiguous content
(e.g., detecting the “dog” object doesn’t account for the shadows/dog breed/... in the image). In con-
trast, document recognition is about the complete transcription of explicitly encoded information. (b)
Viewing document recognition merely as a computer vision task results in incomplete extraction, failing
to fully capture all the information a document is intended to convey. (¢) We propose the document-to-
record transcription task, formulating document recognition as the extraction of complete information
(i.e., arecord). The record structure is specific to each document type, but archetypes of record structures
exist that span multiple document types. Thus formed document classes give rise to a principled way of
designing inductive biases for the underlying learning systems, e.g.: (d) Notes in monophonic music or
exchanged messages in a sequence diagram form linear graphs, implying the use of a structure-specific
inductive bias for document-to-sequence transcription; (e) more complex record types, such as for engi-
neering drawings or floor plans, form unrestricted graphs and require document-to-graph transcription.

well understood than standard OCR, OMR, etc., automated document analysis that formulates the
and serves as a guide to unify the design of future analysis task differently than an isolated computer
document foundation models. vision task (e.g., object detection), and instead

as transcription (cp. Fig. 1). This new perspec-

. tive implies that specific inductive biases can be

1 Introduction designed that reflect the intrinsic structures found

in broad classes of documents. The remainder of

this section will establish this perspective, starting
from the status quo.

Many of the methods employed in both natu-

ral image analysis and document recognition were

first developed for natural image datasets [14-16]

and subsequently adapted for use in document

tipn has proven successful [4-§], there. are many analysis tasks (e.g., [17, 18]). Those methods, by
highly relevant document types for which success design, align with natural images by extracting
remains limited, such as engineering draw.mgs 191, partial descriptions, necessitated by the granular,
floor plans [10,]’ and c?thers [11-13], despite su(.:h rich, and dense image content: While extracting
documents being easily understood by domain everything contained in an image is usually infea-

experts. We postulatg that overcoming eX,lStmg sible and never attempted, different descriptions
performance gaps requires a shift in perspective on

Deep learning-based computer vision systems
have become increasingly powerful in process-
ing natural images [1, 2|, which has led to their
application in various types of digital document
recognition tasks that process pixel-based repre-
sentations of said documents [3]. While this adop-



enable different downstream tasks. For example,
object detection may identify and locate a set of
predefined common objects, making downstream
tasks possible such as object counting [19], object
tracking [20], or robotic grasping [21] (Fig. 1 (a)),
but might not suffice to enable image localization
[22]. However, those partial-description methods
do not naturally align with documents. Docu-
ments encode specific (and comparatively little)
information that they were explicitly designed to
convey, and analyzing documents is about pre-
cisely extracting this information fully. Enforcing
a partial description, e.g., through object detec-
tion to recognize symbols [10], results in incom-
plete information extraction, as, for example,
the essential relationships between symbols are
ignored by a pure object detection method (Fig. 1
(b)). Of course, such a partial extraction can be
(and in practice usually is) amended by indi-
vidual, heuristic post-processing to recover, e.g.,
said object relationships. But a more principled,
document-centric approach seems possible.

For this, we first introduce necessary termi-
nology (cf. Section 3.2 for formal definitions):
We refer to the information encoded in a docu-
ment as its record. This record is both the source
and the transcription of a document, includes
all information, and thus forms a natural inter-
face to execute downstream tasks. It does not
contain visual attributes resulting from visually
representing the record as a document, such as
stylistic choices (e.g., line thickness, color, font)
and non-semantic layout options (e.g., line or sym-
bol spacing). This record-document duality gives
rise to viewing document understanding as an
end-to-end, document-to-record transcription task
(Fig. 1 (c)).

The exact schema of a record is document-
type-specific, but, in general, it contains inter-
linked data, most generally represented by a
property graph. We refer to the nodes in that
graph as record nodes, which have a node type
and type-specific properties. Record nodes find
their correspondence in the respective document
in primitive shapes and symbols. Relationships
(edges) between nodes are typically visualized by
clues such as intelligible spacing and additional
primitives like arrows (cf. Fig. 2).

It is interesting to consider the overall struc-
ture of the record (henceforth called the record

structure): For example, notes in monophonic
sheet music form a linear graph (or: a sequence)
where nodes are connected in a staff, having only
one predecessor and one successor — a sequential
record structure, as with standard text. Record
nodes in the record of mathematical expressions
form ordered trees, in which nodes may have
nested child nodes, but children form an ordered
sequence — a hierarchical sequential structure.
Document types with less rigid content order
form general graphs where nodes have interlinked
relations — engineering drawings fall into this cate-
gory, containing primitive shapes and annotations
that, through visual cues, are interlinked in com-
plex ways to form a discrete 3-dimensional shape
with manufacturing annotations. Floor plans are
another example.

Interestingly, record structures thus natu-
rally group otherwise unrelated document types
together, e.g., monophonic sheet music and plain
text by means of their sequential record structure.
This warrants the specialization of document-to-
record into tasks such as document-to-sequence,
document-to-set, and document-to-graph (others
exist that haven’t been exemplified above, e.g.,
document-to-tree for diagrams like mind maps
or organizational charts). Each possible special-
ization makes different assumptions about the
restrictions present in the record structure, map-
ping to known types of graphs from graph theory
[23, Chapter 2.3] (Fig. 1 (d) and (e)).

This structural grouping explains the per-
formance gap in document recognition between
certain document types: Recent successes in end-
to-end methods are limited to documents with
an inherently sequential record structure, such as
in OCR (Optical Character Recognition, e.g, [6])
and OMR (Optical Music Recognition, which is
sequential in the sequence of notes when pro-
cessing polyphony and multiple staves in a pre-
defined order, e.g. [4]). These methods address
the document-to-sequence problem by adopting
sequence-to-sequence architectures designed with
a sequential bias in their next-token genera-
tion [24]. In contrast, most document types cur-
rently lacking complete information extraction
solutions carry an inherently non-sequential, more
general record structure, requiring the extraction
of a graph structure, where common methods lack
adequate inductive biases.



This analysis also highlights a blind spot in
attempts to build foundation models for doc-
uments such as those in [8, 25-27]: Present
approaches exclusively employ sequence-to-
sequence methods and hence focus on document
types that carry a mostly sequential record
structure. Our perspective offers a path to
incorporating suitable inductive biases for non-
sequential document types into such models
by adapting them to more general structures
or by motivating the normalization of train-
ing targets to align with current inductive
biases, e.g., through heuristic graph linearization
strategies [28].

Strictly speaking, the above does not hold
for all types of documents (e.g., not for comic
books or line art). In this work, we instead focus
on documents designed for precise information
exchange (see Fig. 2 for examples). We term such
documents convention-bound as they follow strict
conventions that govern the contained information
and emerged to ensure unequivocal information
exchange among domain experts (see Section 3.2
for a formal definition of convention-bound docu-
ments). These include sheet music or engineering
drawings, but exclude imprecise documents like
(ambiguous) illustrative diagrams. Due to their
non-ambiguity, the document-to-record framing is
well-posed for convention-bound documents.

From this consideration, we derive our main
conceptual advance: Document recognition on
convention-bound documents is best seen as
document-to-record transcription, and benefits
from incorporating the intrinsic record structure
as an inductive bias in the model’s architec-
ture and training process. This enables end-to-
end learning for more rare and less-understood
document types, particularly those with a non-
sequential nature.

In this paper, our contributions are: (1) “Doc-
ument recognition as transcription” perspective:
By viewing document recognition as complete
record transcription of convention-bound docu-
ments rather than computer-vision-based extrac-
tion of partial descriptions, a meaningful and
efficient grouping of document types by record
structure emerges naturally that explains per-
formance gaps in state-of-the-art approaches; it
is later leveraged for learning. (2) Method for
systematically designing inductive biases for doc-
ument recognition systems: Utilizing said record

structures in a principled, systematic way leads to
a novel approach in designing document-centric
model architectures applicable across document
types. This establishes a bridge from document-
to-record transcription to methods for graph pre-
diction. (3) Implementation of a practical respec-
tive machine learning framework: We introduce
an end-to-end, domain-agnostic learning frame-
work based on a unified transformer backbone
with document-group-specific adapted inductive
biases, useful for sample-efficient document foun-
dation models. (4) Comprehensive experimental
evaluation of proofs of concept: The postulated
principles are valid and effective in monophonic
sheet music (document-to-sequence), shape draw-
ings (document-to-set), and simplified engineer-
ing drawings (document-to-graph). For mechani-
cal engineering drawings, we show the first ever
working implementation of an end-to-end learned
document recognition approach.

2 Related Work

2.1 Information extraction from
convention-bound documents

Document recognition of convention-bound doc-
uments can be viewed as information extraction.
Solutions include:

Incomplete information extraction. Computer
vision methods such as object detection (sym-
bol spotting) and semantic segmentation have
been widely applied to convention-bound docu-
ments, including newspaper pages [5], sheet music
[17, 29, 30|, mathematical expressions [31], engi-
neering drawings [9], circuit diagrams [11], floor
plans [10, 32, 33], UML diagrams [12], and P&ID
diagrams [13|. However, these approaches are
inherently incomplete as they typically detect
individual symbols or regions but fail to capture
the semantic relationships or structure between
symbols directly, which is essential for fully under-
standing and utilizing such documents.

Heuristic  full information extraction. Full
information extraction (i.e., transcription)
involves not just extracting relevant symbols and
shapes but also their corresponding relationships.
To achieve this, incomplete information extrac-
tion methods have been extended by post-hoc
heuristic symbol assembly steps, for example, in
UML diagrams [34], or sheet music [29].



ovy
e a

100 uF 7]

(a) Electric circuit diagrams: A
graph of electronic symbols (e.g.,
diodes, resistors) with properties
(e.g., resistance value).

(d) P&ID diagrams: A directed
graph of primitives (e.g., valves,
tanks, pumps) with properties (e.g.,
numerator, control, device).
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(b) Floor plans: A graph of shapes
(e.g., walls, doors, windows, stairs,
fixtures) with lengths to form and
dimensionalize rooms.
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(e) Business Process Models and
Notation: A directed graph of busi-
ness process elements (e.g., activi-
ties, events, gateways).

(¢) Engineering drawings: A graph
of shapes (e.g., lines) and manufac-
turing information (e.g., dimensions,
tolerances).
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(f) Mathematical expressions: An
ordered tree of mathematical prim-
itives (e.g., fractions, variables, and
numbers).
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(g) Sequence diagrams: A sequence
of text messages with a source and
target entity.

(h) Logic circuit diagrams: A graph (i)
of logic gates (e.g., AND gate, OR gate)
connected by wiring.
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Class diagrams: A graph of
classes with, e.g., names, methods,
and relationships (e.g., inheritance).

Fig. 2: Examples of convention-bound documents with brief descriptions of the contained information
(record) and its structure (record structure). Document types with similar record structures can be anal-
ysed with a unified document recognition system under the perspective of our transcription framework.

Narrow end-to-end information extraction.
Many methods employ sequence-to-sequence
approaches to learn robust record extraction end-
to-end for single types of documents. These
records follow either an explicit sequential struc-
ture, as in text recognition [6], or an implicit
sequential structure inherent to ordered tree
structures through their universal address system
[35, chapter 11.3|, as in mathematical expres-
sions [7] and visual language understanding [36].
The authors of [4] apply end-to-end informa-
tion extraction to general sheet music, where
their record representation follows an (approx-
imately) sequential structure. Moving beyond
sequential biases, a few recent approaches have
begun to apply image-to-graph architectures [37,

38| to directly extract nonlinear relational struc-
tures from technical drawings, such as general
graphs from piping and instrumentation diagrams
(P&IDs) [39] and simplified geometric graphs
from floor plans [40].

Broad end-to-end information extraction.
Recent works also include early attempts at
building document foundation models [41], which
can extract text, lists, tables, equations, music
notation, and charts from entire documents
[8, 25—27| or parts of documents [42, 43]|. Those
models follow the natural reading order, assum-
ing an approximately sequential record structure,
explaining the success of adapting sequence-to-
sequence methods to respective document types.
Scaling such models to less sequential document



types would require either massive amounts of
training data (with massive compute due to a
noisy training signal) to learn the respective
structure from the data alone [44, 45], or else
need to be equipped with appropriate but still
broad inductive biases to be efficient [46].

Our classification of document types accord-
ing to their intrinsic record structure reveals
a research bias towards documents with inher-
ently sequential organization in the current liter-
ature, where document-to-sequence methods are
commonly used. In contrast, complete informa-
tion extraction remains lacking for inherently
non-sequential document types. By shifting the
research perspective and introducing a prin-
cipled approach for developing more compre-
hensive models, supported by the experimental
evidence presented below, we aim to address
the uncharted territory left by recent methods,
enabling data-efficient document foundation mod-
els for a broader array of document types.

2.2 Relational inductive biases

The concept of relational inductive biases [47] pro-
vides a framework for understanding how neural
architectures exploit dependencies in data. His-
torically, this perspective was driven by intuitive
architectural designs tailored to inherent data
structures (e.g, CNNs for grids, DeepSets for sets).
More recently, these architectural biases have
been formalized, notably through group theory for
symmetric relations [48] and category theory for a
broader mathematical foundation [49, 50]. While
these frameworks primarily focus on the pro-
cessing of relational inputs, document-to-record
transcription extends this challenge to predict-
ing structured (relational) outputs from rasterized
images (in which relations are conveyed visually).
As the concern for appropriate relational induc-
tive biases is a shared one, we now review related
literature and position the proposed sequence, set,
and graph prediction methods within this broader
research landscape.

Graph generation. A common strategy for
learning graph distributions is to linearize graphs
into flat sequences. However, because arbitrary
graphs lack a natural sequential order, this pro-
cess yields up to (n + m)! valid permutations for
a single graph with n nodes and m edges. Naively
training on these permutations forces the model

to learn a highly diluted distribution. To miti-
gate this exponential explosion, methods typically
restrict the permutation space using heuristics
[51, 52] or by learning custom linearization strate-
gies [53]. Still, such heuristics must be applied
carefully, as sequence ordering impacts learn-
ing dynamics [54]. Alternatively, diffusion-based
methods avoid imposing sequential structures by
iteratively editing noisy graphs to match a target
distribution—an approach that enables the use of
permutation-equivariant architectures [55].

In contrast to graph generation, document
transcription is a deterministic, many-to-one
graph prediction task, as will be formalized in
Equation (1). This bypasses any need to learn
distributions over graphs: While many-to-one pre-
diction can be framed and potentially learned as
a conditional Dirac target distribution, we sus-
pect the complex distributional modeling used
in graph generation is unhelpful for document
transcription. Instead, our graph prediction bias
design will incorporate teacher forcing based on
a node-first linearization, yielding a permutation
space of n!m! valid sequences (see Section 3.4).
The results will show that despite this high vari-
ance in the decoder inputs during training, the
decoder learns the transcription task by success-
fully following its remaining-node order during
inference (see Section 4.6), and future work will
investigate if more strictly enforcing the model’s
dynamically learned remaining-node order dur-
ing training leads to more robust transcription
capabilities.

Sequence prediction. Left-to-right autoregres-
sive sequence prediction [24] has achieved
immense success [56, 57|, particularly via causal
self-attention. Building on this foundation, we
adapt a standard causal (sequence) transformer
to support more diverse structural biases through
targeted modifications to only the attention mask
and loss function.

Our proposed sequence prediction aligns very
well with the literature (see Section 3.5).

Set prediction. DETR [58] reformulates object
detection as a set prediction problem, imple-
mented using learnable “object queries” and a set
loss based on bipartite matching between predic-
tions and ground truth. While the methodology
is applicable to general set prediction, DETR
and many subsequent works [59-61] focus on



object detection and use domain-specific termi-
nology (e.g., “object queries” rather than general
“element queries”). To align with this established
literature, we adopt this terminology here. Recent
related approaches include Slot Attention [62] and
Set Transformer [63]; both use a form of cross-
attention to bottleneck a set of inputs into a
pooled set of representations, referred to as “slots”
or “seed vectors”, that are functionally analogous
to learned object queries.

Learnable object queries have two known
issues: First, they converge slowly due to the insta-
bility of bipartite graph matching in early training
stages [60]. Second, they require a number of
queries significantly larger than the maximum
number of objects in an image, incurring substan-
tial computational overhead during both training
and inference [58]. For example, DINO [61] uses
900 queries on the COCO dataset, which con-
tains only up to 80 objects per image. Recent
works have attempted to address these limita-
tions. Convergence instability has been mitigated
by injecting noisy ground truth into the object
queries [60], a technique that functions as a sur-
rogate for teacher forcing by providing the model
with ground-truth hints that accelerate conver-
gence. Additionally, dynamic queries have been
introduced to prune the set of object queries
throughout the forward pass, reducing the com-
putational footprint of deeper decoder layers [64].

While these are working improvements, we
propose a more fundamental rethinking of set pre-
diction by replacing bipartite matching entirely
with autoregressive remaining-node prediction.
Exhibiting architectural similarity to XLNet [65],
our approach will natively enable teacher forcing
(see Section 3.6). Furthermore, this formulation
will require exactly as many prediction queries as
there are objects per sample, providing a strictly
minimal query count.

Graph prediction. Several works extend the set
prediction paradigm to graph prediction by incor-
porating a relation prediction module. Much of
this research focuses on the domain of scene graph
generation [37, 38, 66-69], embedding domain-
specific terminology (e.g., framing graphs as “rela-
tions” or “interactions” between “subjects” and
“objects”). To align with this established liter-
ature, we adopt this terminology here. HOTR
[67] utilizes object and interaction queries as two

parallel set predictions, deriving multi-label inter-
actions from similarity scores between object rep-
resentations and projected interaction represen-
tations. RelTR [37] detects subjects and objects
using shared entity representations, which are
then used to predict directed relations. Rela-
tionformer [38] introduces a distinct relationship
query encoded together with the learnable object
queries. For each contextualized object query pair
and the contextualized relationship query, a rela-
tionship (or absence thereof) is predicted indepen-
dently. This method has been applied to document
transcription [39].

In contrast, our graph prediction method sim-
ply models the graph as a set of nodes and
edges, reducing graph prediction to a set predic-
tion. Compared to existing methods that predict
relations independently for each object pair, our
autoregressive design automatically enables the
model to account for the emerging graph topology
during prediction.

3 Methods

3.1 Overview

We first formalize the concept of convention-
bound documents in Section 3.2 and establish
that document-to-record transcription is well-
posed for this class of documents. We then intro-
duce a general learning framework for document-
to-record transcription in Section 3.3, accompa-
nied by a foundational architectural design in
Section 3.4. Subsequently, we specialize this archi-
tecture for document-to-sequence, document-to-
set, and, more generally, document-to-graph tasks
in Sections 3.5 to 3.7; each of which is exemplified
with an example use case in the next section.

3.2 Convention-bound documents

Let R be the set of records and D the set of doc-
uments for a specific document domain. A record
r € R is a property graph, defined as a set of nodes
related by a set of edges [71]. Specifically, we rep-
resent each record as interlinked (record) nodes,
with each node having a concrete type and a set
of type-specific properties. For example, a music
symbol is a record node with a type (e.g., clef or
note) and properties (e.g., clef type or note pitch).
Graph theory classifies a (property) graph into



certain types based on restrictions present in the
graph’s relations [23, Chapter 2.3|. Based on these
types, we define three record structures for this
work: The sequential record structure for linear
graphs and ordered trees (e.g., for sheet music or
mathematical expressions), the set record struc-
ture for empty graphs (e.g., for shape drawings),
and the graph record structure for unrestricted
graphs (e.g., for engineering drawings).

To share the information contained in a record
r € R through a document d € D, a write func-
tion f : R — D first encodes the record into a
document (this can also be a human creating the
document). A read function g : D — R decodes
the document back to the record (can be a human
reading the document). We call the set of all valid
write functions for this document domain its write
function space F € P(R — D) and the set of
all valid read functions its read function space
G € P(D — R), where P(S) denotes the power
set of S.

To make the exchange of records via docu-
ments precise and efficient, domain-specific con-
ventions exist, such as norms and standards.
These conventions introduce restrictions to (i)
what can be expressed (restricting R), (ii) how
information must be encoded (restricting the
write function space F), and (iii) how infor-
mation must be decoded (restricting the read
function space G), such that records can always be
exchanged losslessly via documents, meaning the
following equation holds:

Vre RVfeFVNgeG:(gof)(r)=r (1)

Transcription
(document-to-record) l

Convention record
(standards, \clef treble \time 1/4
document norms) 16 d"166'8 16 ...
] Synthesis |

(record-to-document)

Fig. 3: Transcription and synthesis on the exam-
ple of monophonic sheet music. The record is here
represented with LilyPond code [70].

For example, a piece of sheet music can only
express what is part of musical notation (restrict-
ing R), and standards like the modern staff nota-
tion exist to make the exchange lossless for all
expressible music pieces (restricting F and G).

We call documents from domains for
which such domain-specific restrictions apply
convention-bound documents. From Equation (1)
it follows that any convention-bound document
d € D has only a single, valid reading r = ¢g*(d)
(otherwise Equation (1) would be violated for
the respective records, see Section A for the full
proof). Thus, the read function space for d reduces
to a single function G = {¢g*} in the case of d
being a convention-bound document. This implies
that reading convention-bound documents is a
many-to-one problem, which permits the use of
function approximation techniques that directly
estimate the single valid output, rather than
having to approximate the (multi-modal) proba-
bility distribution over many possible outcomes
as in many-to-many problems [72]. Importantly,
there can still exist many write functions, as any
write function f € F is valid that encodes the
complete record r into the document d in an
unambiguously extractable way given g*.

Thus, many valid convention-bound docu-
ments F(r) = {f(r) | f € F} exist for one
record, but any of these documents is derived
from the same single record, the one causing it.
We hence call the process implemented by any
f € F synthesis and the process implemented
by the single read function g* transcription (cp.
Fig. 3). This terminology is analogous to speech
synthesis and transcription: Synthesis indicates
the addition of representational variation that
does not alter the information content — there it
is a speaker’s voice, here it is visual attributes
in documents (e.g., stylistic choices like font, line
thickness, or semantically neutral symbol place-
ment choices). Meanwhile, transcription indicates
that we ignore these attributes and only extract
the core information, the record r.

3.3 Document-to-record
transcription

To put our perspective into practice, we assume
the following components in a document recog-
nition as transcription-framework (our concern
herein is to machine-learn the transcription



Data
engine
|

] End-to-end training
(True)
record

-
o
7]
»

r

d ? | A (Predicted)
||¢Tj 5 AN
- m: Document Model g ‘@; record

Transcription g*

azjwndo

External source Downstream task

Inference

Fig. 4: Overview of the proposed document-to-
record transcription framework.

model): A data engine provides representations of
valid records » € R as training data for super-
vised learning, e.g., source code describing the
record. A synthesis function f € F converts such
a representation of the record r into a raster-
ized document d = f(r), i.e., into a document
created for human consumption. When synthe-
sizing training data later, we select synthesis
functions strategically from a variety of domain-
specific rendering routines to ensure visual diver-
sity, leveraging tools originally developed to visu-
alize records for humans. A transcription model
§g* converts the document d into a record predic-
tion # € R. This transcription model is learned
end-to-end (document-to-record), approximating
the unknown transcription function g*. The loss
is defined in record space R (cf. JEPA [73, 74])
and measures the dissimilarity between the orig-
inal record r and its prediction 7. Measuring the
dissimilarity between r and # provides a sta-
ble learning signal as r is unambiguous for a
convention-bound document d, meaning any dis-
similarity is a mistake of the transcription model
(see Section 3.2, Equation (1)).

Fig. 4 illustrates the proposed framework. For
any downstream task, the trained transcription
model outputs records that capture all informa-
tion in a semantically accessible form, omitting all
visual by-products of the document and simplify-
ing subsequent processing. The predicted record
can also be synthesized back to a human-friendly
document representation via f(#) for manual tran-
scription validation.

3.4 Base neural net architecture

We follow the encoder-decoder paradigm [24, 75,
76], encoding the document d into an intermediate
representation to then decode (transcribe) it into
the record prediction #. In our experiments, docu-
ments contain exactly one page, represented as a
single rasterized image. We make this simplifica-
tion without loss of generality, as the encoder can
be trivially extended to multi-page documents.
The encoder setup is unchanged across all exper-
iments. We then add a suitable inductive bias
to the decoder and training process based on
the record structure as described in the follow-
ing sections. Each section describes an adaptation
in detail (see summary in Fig. 5). All adapta-
tions are domain-agnostic by being transferable
to any convention-bound document type with the
same inherent record structure as the exemplary
document type.

Encoder. We use a standard vision trans-
former [77] with a minor improvement for digital
documents: Similar to the idea of masked autoen-
coders, we remove uninformative patches that
contain only white pixels [78]. This reduces the
memory footprint and increases computational
efficiency without loss in performance.

Decoder. We use the transformer architecture
[76] for the decoder. Disregarding implementa-
tion details like layer normalization and positional
encoding, the base transformer is equivalent to
a fully connected graph attention network [79]
well-suited for learning a priori unknown rela-
tions [63, 80]. While we introduce causal attention
to enable autoregressive generation, the attention
over the preceding context remains unconstrained,
ensuring the model captures relations without
imposing order-dependent priors. To form the
decoder inputs, we embed each record node into
a node embedding by mapping the record node’s
type and type-specific properties into a single
embedding vector. Thus, the decoder operates at
the level of node embeddings, which is necessary
to enable the straightforward inductive bias adap-
tations discussed in subsequent sections. After
the decoder, output heads predict the type and
properties of a record node from each final node
embedding.
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(a) The training process for next-node prediction in the document-to-sequence model (see Section 3.5) implements
the standard procedure used in sequence-to-sequence training [24] of teacher forcing [81] by prepending a <B0S>
token to the decoder input and appending a <E0S> token to the end of the target sequence. Left: Input is the
document (d); the true record (r) serves as ground truth. Right: The decoder predicts, given the current node
(bottom), the next node in the sequence (top, thin up-arrows in the decoder) through a pairwise node loss. Thick
arrows in the decoder indicate the information flow through attention masking.
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(b) The training process for remaining-node prediction in the document-to-set model (Section 3.6) employs teacher
forcing by generating a random permutation of the nodes. To facilitate this, a <P> token is interleaved within
the decoder inputs, and a <E0S> token is appended to the targets (see main text for explanation). Thick arrows
in the decoder indicate the information flow through attention masking; no attention on <P> embeddings. The
remaining-node loss respects that there is no order in prediction, meaning any non-“taken” node can be predicted.
Pairwise loss on “taken” nodes encourages information preservation.
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(¢) The remaining-node prediction training process for document-to-graph (Section 3.7): It is equivalent to the
sequence-to-set training process in Fig. 5b except it additionally guarantees that relationship nodes occur after
record nodes in the permutation step. Relationship nodes are visualized by double arrows that link two record
nodes as in Fig. 9c.

<P> <pP> <P>

Fig. 5: Overview of the core components of the architecture and specific adaptations to the training
designed for handling distinct record structures. <BOS>: beginning of record, <E0S>: end of record, <P>
prediction token. Note: For visual clarity, mapping from tokens and nodes to embeddings is not shown.
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3.5 Document-to-sequence bias

For document types with an inherently sequential
record structure, the document-to-record task is
reduced to the well-known document-to-sequence
task. This section discusses how an inductive bias
for sequential structure is built into standard
sequence-to-sequence methods, serving as a basis
for integrating more complex record structures in
later sections.

The seminal transformer paper [76] applied
the transformer in a sequence-to-sequence setting
(text translation) with the decoder and training
process including a sequential inductive bias: next-
token prediction. We do the equivalent next-node
prediction for our sequential record structure.
Specifically, at each position, the model predicts
the next node in the record sequence based on the
current and previous node embeddings.

We do this following the common approach:
The decoder input is the node sequence prepended
with a special beginning-of-record token <B0OS>,
and the decoder output target is the node
sequence appended with a special end-of-record
token <E0S>. The loss is a node dissimilarity
measure (node type and properties) at each posi-
tion (see Equation (2)). Causal masking, mean-
ing embeddings can never attend to the right,
is applied throughout the decoder, preventing
trivial label leakage solutions. One-dimensional
positional encoding is added to the initial node
embeddings to enable the decoder to learn and
use the sequential structure of the nodes. Fig. 5a
illustrates this training process. Inference happens
autoregressively, predicting one next node at a
time (see Fig. 6a).

Formally, the sequence bias loss is defined
as follows: Let r be a sequence of m nodes
(n1, ..., ). Let ng be the <BOS> token and 7,41
be the <E0S> token (which, for notational con-
venience, is treated as a property-less node with
unique type). Let 7, = §*(d,ng,...,n;—1) be
the prediction of the next node n; based on the
document d, the <BOS> token ny and previous
nodes (nq,...,n;—1); §* representing our model.
Let I(n,n) be a dissimilarity measure between a
node n and a prediction n based on their type and
properties (see Section D for definition). Then, the
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sequence bias loss L4 is defined as:

m—+1

Locg= Y _ U(ni,n;)
i=1

3.6 Document-to-set bias

For document types with a set record struc-
ture, the document-to-record task becomes a
document-to-set task. This section explains how
to adapt the document-to-sequence model to the
document-to-set task by replacing the sequence
bias of next-node prediction with a set bias,
termed here “remaining-node prediction”. We later
apply this method to shape drawings as an exem-
plary document type.

For a set structure, the sequential bias of next-
node prediction makes no sense as there is no
natural notion of a “next node” in an unordered
set of nodes. Therefore, we replace next-node
prediction with remaining-node prediction: This
means that from each final node embedding (after
attending to the encoded document and previous
node embeddings within the decoder), we predict
any record node visible in the document but not
“taken” by the previous node embeddings. Pre-
vious nodes are defined by the decoder’s input,
which is a random permutation of the record
nodes during training and autoregressive predic-
tions during inference. This is the main idea of
the adaptation to a set record structure; however,
for it to successfully work in a transformer-based
decoder, a decisive technical detail is needed.

A critical part of the success behind
transformer-based next-token prediction is to sig-
nificantly speed up training by predicting the next
token at each position simultaneously in a single
forward pass, based on the previous ground-truth
tokens, a technique known as teacher forcing [81].
However, this becomes problematic for (naive)
remaining-node prediction: Due to this parallel
prediction, each node embedding is transformed,
layer by layer, to become its required predic-
tion (here, one of its remaining nodes), while,
at the same time, previous node embeddings are
transformed to become their required predictions
(here, one of their remaining nodes). Yet, if the
previous node embeddings are transformed, the
original “taken” node information is lost. Thus, it
becomes impossible for later node embeddings to
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(b) Sequence-to-set inference process: Predict one remaining node at a time.

Fig. 6: The proposed sequence-to-set inference process (bottom) compared to the well-known sequence-
to-sequence inference process (top). Inference is basically the same autoregressive mechanism, where
sequence-to-sequence prepends the <BOS> token, while sequence-to-set appends the <P> token.

know which nodes are remaining, that is, which
nodes they can predict, and training fails. This
issue highlights that embeddings have two roles
in a transformer-based decoder: (a) they must be
transformed to become their required prediction
and (b) they must carry the (contextualized) orig-
inal information for the other embeddings. He et
al. [82] empirically validate this conflict, showing
through probing that token embeddings gradually
transition from representing input information to
representing the prediction target as they move
through the layers.

For remaining-node prediction to work suc-
cessfully, we must separate these two roles into
two separate embeddings: one prediction embed-
ding that, in our case, becomes a remaining node
(role “a”) and another node embedding that carries
the “taken” node information for the other embed-
dings (role “b”). This happens to be similar to
the architectural adaptations of XLNet [65]; how-
ever, we do it for (remaining-node) set prediction,
whereas XLNet is motivated to learn (autoregres-
sive, bidirectional) sequence prediction (cf. [83]).
Specifically, we add one prediction token <P> in
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front of each node, allowing for parallel predic-
tion at the cost of doubling the decoder’s sequence
length, and add one extra prediction token <P> at
the end to predict a special end-of-record token
<EO0S> as a stop signal during autoregressive infer-
ence. Each prediction token is then mapped to
a prediction embedding, which, with the node
embeddings, forms the decoder’s input. Inside
the decoder, prediction and node embeddings can
only attend to previous or “taken” node embed-
dings; prediction embeddings are never attended
to as they carry information irrelevant to other
embeddings. From each final prediction embed-
ding, we predict a remaining node by being
subject to a remaining-node loss that is the min-
imum dissimilarity over all remaining nodes (see
Equation (3b)). From each final node embedding,
we predict its original input node, encouraging the
model to preserve (or pass through) the “taken”
node information necessary for other embeddings
(see Equation (3d)). Fig. 5b illustrates this train-
ing process. For the set inductive bias, we do not
add positional encoding, as there is no sequential
order in the node embeddings. Inference happens



autoregressively, predicting one remaining node at
a time (see Fig. 6b).

Formally, the set bias loss is defined as fol-
lows: Let r be a permutation of a set of m nodes
(n1, ...,y ). Let p be the prediction token <P> and
N1 be the <EOS> token (which, for notational
convenience, is treated as a property-less node
with unique type). Let 7; = §*(d,p,n1,...,ni—1)
be the prediction of a remaining node based
on the document d, the prediction token p
and the taken nodes (ni,...,n;—1). Let n; =
g*(d,ny,...,n;_1,n;) be the prediction (or pass-
through) of a taken node n; based on the doc-
ument d, the actual node n; and previous taken
nodes (ni,...,m;—1); §* and §* representing our
model. Let I(n,n) be the same dissimilarity mea-
sure between a node m and a prediction n as
above. The loss L., is defined as the loss for the
remaining-node predictions L;¢,, the loss to pre-
dict the <E0S> token correctly L.,s, and the loss
for passing through the taken nodes Ligpen:

ﬁset = Erem + Leos + Etaken (3&)
Lrem = i l(ng,ng 3b
; minl(n;, i) (3)

Eeos = l(nm+17 ’ﬁferl) <3C>
Etaken == Z l(nza ﬁ’l) (3d)

=1

3.7 Document-to-graph bias

For document types with records best captured in
an unrestricted graph structure, the document-to-
record task becomes a document-to-graph task. In
this section, we adapt the document-to-set model
of the previous section to the document-to-graph
task by forming an implicit graph from a set struc-
ture containing nodes for both record nodes and
their relationships (edges). We assume no order in
the nodes or edges, but differentiate between them
by first predicting all record nodes. We later apply
this method to simplified engineering drawings as
an exemplary document type.

We represent the record graph as an implicit
graph induced by a relational model [84, 85]: Each
record node gets a unique identifier and rela-
tions between nodes are represented as additional
“relationship nodes” with properties to link record

13

nodes by their identifier. For example, an undi-
rected graph of three nodes {A, B, C'} and an edge
from A to B will be represented as a set of four
nodes including the additional relationship node Z
with two nodes as properties: {4, B,C, Z(A, B)}.
This represents a graph as a set of nodes indirectly
related through their properties, allowing the use
of the same architecture as in Section 3.6 for the
processing of any graph.

During training, when generating permuta-
tions of the record, we ensure that all record nodes
appear before all relationship nodes, guarantee-
ing that the record nodes and their identifiers
are known when predicting their relationships (see
Fig. 5¢). We use the position in the decoder
sequence as the identifier of a node and add
one-dimensional positional encoding to provide
this positional information to the model with
a prediction embedding sharing the same posi-
tional encoding as the node embedding to its
right. Given the above graph example, we gen-
erate, e.g., the following permutations during
training: [4, B,C, Z(0,1)], [C, B, A, Z(1,2)]. This
setup allows the model to first predict the set
of record nodes visible in the document (sym-
bol recognition) and then predict their specific
relationships (symbol assembly).

Formally, the graph bias loss is defined as fol-
lows: Let r be two concatenated sequences: A
sequence of m record nodes (ni,...,n,) and a
sequence of o relationship nodes (1,41, ..s Nmto)-
Let p be the prediction token <P> and n,,4041
be the <E0S> token (which, for notational con-
venience, is treated as a property-less node with
unique type). Let 7; = §*(d,p,n1,...,mi-1)
be the prediction of a remaining node based
on the document d, the prediction token p
and the taken nodes (n1,...,n;—1). Let n; =
g*(d,ny,...,n;_1,n;) be the prediction (or pass-
through) of the taken node n; based on the
document d, the actual node n; and previous
taken nodes (n1,...,n;—1); §* and §* representing
our model. Let [(n,7n) be the same dissimilarity
measure between a node n and a prediction n as
above. The loss Lgpqpn is defined as the loss for
the remaining-record-node predictions £729¢% the

rem_
remaining-relationship-node predictions £7¢ . the

rem)’

loss to predict the <E0S> token correctly Leos,
and the loss for passing through the taken nodes



Etaken:
»Cgraph = ’C:}eogmes + ‘C';gﬁn + Eeos + ﬁtaken (43)
Lrgies =3 minl(ny. i) (4D)
i=1
m+to m+o
creh, = )" minl(ng, ;) (4c)
) Jj=i
1=m-+1
Leos = l(nm+o+1, ﬁm+o+1) (4(31)
m-+o
»Ctaken — E l(nzaﬁz) (46)

i=1
4 Experiments

4.1 Overview

To show the validity of our approach, we conduct
experiments on three archetypal document types
for the progression of simple to more advanced
record structures discussed above (i.e., sequence,
set, and graph): We introduce how we repre-
sent records and create respective training data
for monophonic sheet music (Section 4.2), shape
drawings (Section 4.3), and simplified engineering
drawings (Section 4.4). We then detail the com-
mon experimental setup for model training and
evaluation in Section 4.5. We report results in
Section 4.6 and provide an ablation study that
sheds light on the influence of an appropriate
record structure bias in Section 4.7.

4.2 Sequence bias: Sheet music

We use monophonic sheet music documents as an
exemplary document type for the document-to-
sequence task.

Record representation. The sheet music record
is a sequence of one clef node, one time signature
node, followed by music note nodes. The clef node
and the time signature node have one discrete
property: the clef type and the time signature.
Each music note node has two discrete properties:
duration and pitch (vertical note position).

Data engine. For training, we generate
40000 synthetic, simplified (monophonic, four-
bar, single-staff) music sheets. We generate two
possible clef types (treble & or bass 9:), four pos-
sible time signatures (1/4 i, 2/4 4, 3/4 %, and
common time C), five possible note durations
(whole o, half d, quarter J, eighth @, and sixteenth
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J) and nine possible pitches spanning five staff
lines and four in-between staff spaces. All prop-
erty values are chosen uniformly at random, with
note duration respecting the remaining duration
of the current bar.

Synthesis. We render each synthetically gener-
ated staff onto a raster image. The image is 100
pixels high and has a flexible width to guarantee
that all music notes are rendered on one single
staff line. Fig. 7 shows an example.

Fig. 7: Example of a simple sheet music document
used for training. Fig. F.2 shows more examples.

4.3 Set bias: Shape drawings

We use shape drawings as an exemplary document
type for the document-to-set task.

Record representation. We represent shape
drawings as a set of record nodes representing sim-
ple geometric shapes. Without loss of generality,
our simplified proof-of-concept implementation
will use a line node and a circle node; others could
be added. Each line node contains two properties,
representing the coordinates of the start point and
the end point in a tuple. Each circle node contains
two similar properties as well: the circle’s leftmost
point and rightmost point (i.e., the extreme points
on the horizontal middle axis, implicitly defining
also the circle’s height). Each coordinate tuple
consists of continuous values of normalized z- and
y pixel coordinates.

Data engine. The ABC dataset [86] contains
one million 3D parts as 3D scene graphs. We ran-
domly project 300000 of those to 2D edges as
seen from one of the six principal views using the
hidden line removal algorithm [87]. We clean the
projection by removing superimposed edges and
rejoining 2D edges that were originally joined in
3D. We only take projections containing up to 10
circles or lines and no other edges like arcs or b-
splines. The final dataset consists of about 900 000
projections.

Synthesis. We render all lines and circles onto
a 280 x 280 pixel image. During training, we aug-
ment each record with random margins, random
translations, random scaling, and axis mirroring
while ensuring all lines and circles remain fully
visible (see Fig. 8).



4.4 Graph bias: Engineering
drawings

We use simplified engineering drawings as an
exemplary document type for the document-to-
graph task.

Record representation. We represent simplified
engineering drawings as a record of connected line
nodes and dimension annotation nodes (numbers
indicating relative line lengths). Each line node
contains two properties, representing the coordi-
nates of the start point and the end point in a
tuple. Each dimension annotation contains a sin-
gle property, representing the coordinates of its
center in a tuple (stored in the same format as
described above). Relationship nodes are the con-
nections between two lines or the link between a
dimension annotation and its line.

Data engine. We create synthetic L-shaped
drawings with random augmentations, specifi-
cally, mirroring, rotations with multiples of 90
degrees, and translations. Each L-shape has six
lines, each connected to its neighbors and each
having a 30 % chance of having a dimension anno-
tation. Figures 9b and 9c visualize an example.

Synthesis. We render each IL-shape onto a
140 x 140 pixel image. Dimension annotations are
rendered as a random number between 0 and 100,
accompanied by visually guiding helplines and
arrows. Fig. 9a shows an example. The render-
ing simulates multiple synthesis functions through
randomized line thicknesses, grayscale variations,
3 arrow styles, 4 fonts, 10 font sizes, and random
blur augmentation. Fig. F.8 shows examples.

4.5 General experimental setup

All experiments and models follow the same gen-
eral setup, and all models have around 65 million
learnable parameters.

Encoder: The encoder is a basic vision trans-
former. We divide the input image into patches

= =0 O E

Fig. 8: Five examples of simple technical doc-
uments, i.e, rendered projections of engineering
parts, used for training. Fig. F.5 shows more
examples.
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of size 10 x 10 pixels, add 2D positional encod-
ings [88], remove all uninformative patches (i.e.,
background-only), and linearly map the flattened
informative patches to form the encoder’s input.
The encoder is a vision transformer with 3 lay-
ers, a 512-dimensional embedding space, and 8-
head residual self-attention (unmasked) followed
by a residual feed-forward network. The feed-
forward network consists of, respectively, a 2048-
dimensional hidden layer with no bias term and
the GELU activation function [89], a layer norm
layer, a 512-dimensional output layer with no bias
term and linear activation function, and another
layer norm layer.

Decoder: The decoder follows the same setup
as the encoder, except that it uses cross-attention
on the image embeddings from the encoder and
masked self-attention based on the above bias
adaptations. Node encoder: The beginning-of-
record token <BOS> and prediction token <P>
are each mapped to 512-dimensional embedding
vectors. A record node is mapped to a node
embedding in the following way: The node type
and discrete properties are each mapped to a
64-dimensional vector. Each coordinate property
value is linearly mapped to a 64-dimensional
vector. The node type and properties are con-
catenated and linearly mapped into the decoder’s
embedding space. Node prediction head: From a
final decoder embedding, we predict the node type
and properties. The node type and each discrete
property are linear maps followed by a softmax
activation function. Coordinate properties use a

95 95
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37

(a) Document (b) Nodes (c) Edges

Fig. 9: Example of a synthetic engineering draw-
ing. Left: The document, where helplines and
arrows help to communicate links between dimen-
sion annotations and lines. Middle, right: A visu-
alization of the pure record, namely the record
nodes (middle) and the relationships (edges; see
left) by means of arrows.



novel coarse-to-fine method for pixel-precise pre-
diction: First, we predict the image patch for
each coordinate property by calculating a cross-
attention probability from the node embedding
to the image patches. Then, we predict the pixel
inside the 10 x 10 patch by concatenating the most
probable patch embedding to the node embedding
and linearly map it to 100 softmax outputs.

Loss functions: Two loss functions are used as
outlined above — pairwise loss and remaining-node
loss. All loss concerning the prediction of node
properties contribute to the overall loss only if the
respective node type was predicted correctly; pixel
prediction loss only if the respective patch was
predicted correctly.

Training: All models are trained to conver-
gence using their respective domain-specific data
engine and a batch size of 32. This results in
training the sheet music model for 31250 steps:
25 epochs of 40000 training samples; the shape
drawing model for 506250 steps: 18 epochs of
900 000 augmented training samples; the engineer-
ing drawing model for 62500 steps: 40 epochs of
50000 generated training samples. For optimiza-
tion, we use the AdamW optimizer [90] with a
learning rate of 1-107%, B8, = 0.9, B2 = 0.98,
e = 1-107?, a clip norm of 0.1, and a weight
decay of 0.004 based on preliminary experiments.
To speed up training, we use batch processing
and a hardware-friendly structure of array data
representation (see Section B).

Evaluation: All models are evaluated using
set-aside validation data created by the same
domain-specific data engine. Model performance
is evaluated using the transcription accuracy,
defined as the fraction of predictions (#) that are
equal (7 = r) to their target records (r). Records
are equal if their nodes, edges, and structure are
equal (i.e., a property graph isomorphism, see
Section C for a formal definition). For sequences,
this means all nodes in the sequence must be pair-
wise equal. For graphs and sets, this means they
must contain the same record nodes, the same
relationship nodes, and the same structure. Two
nodes are equal if their type is equal and their
properties are equal (up to a predefined precision
threshold for continuous coordinates). Thus, tran-
scription accuracy renders the entire transcription
incorrect for any partial error, e.g., predicting one
property wrong. We believe this to be appropri-
ate as any possible error may have detrimental
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consequences in some downstream task. Note that
this conservative metric renders the task partic-
ularly hard, similar to the exact match metric in
multi-label classification [91], which considers a
multi-label classification incorrect if any label is
wrong or missing.

4.6 Results

In the main set of experiments, we evaluate the
performance when the appropriate inherent bias
for each given record structure is used.

Sheet music recognition as document-to-
sequence transcription: We use 10000 randomly
generated single-staff music sheets to evaluate the
model adapted to the sequential bias (Section 3.5).
The model transcribes 9659 sheets of music
exactly and has a transcription accuracy of 96.6 %.
This is hard to compare exactly to the more for-
giving metrics like IoU usually used in OMR [92],
but appears on par with the state of the art for
this relatively simple task.

Shape drawing recognition as document-to-set
transcription: For evaluation, we generate 10000
2D projections of separate 3D parts from the ABC
data set. Our model transcribes 7490 projections
correctly up to a coordinate precision threshold
of about 44 pixels. This results in a transcription
accuracy of 74.9%, indicating that our method
successfully learned the document-to-set task end
to end.

Engineering drawing recognition as document-
to-graph transcription: We use 1000 randomly
generated L-shapes using the same synthetic data
engine as for training. The model (with graph
bias) transcribes 748 L-shapes correctly up to a
coordinate precision threshold of about +4 pix-
els. This results in a transcription accuracy of
74.8%. To the authors’ knowledge, this is the first
time that the transcription of mechanical engi-
neering drawings has been successfully learned
end-to-end, and only recently has successful end-
to-end learning of any inherently non-sequential
document type been reported for the first time
[39, 40].

The above results are proof of principle that
our method of inductive bias adaptation works,
i.e., it enables a model to successfully learn
the document-to-sequence, document-to-set, and
document-to-graph tasks.



4.7 Ablation studies: Choosing
inappropriate biases

In this section, we conduct an ablation study to
determine whether the transcription performance
above is actually due to our method of bias adap-
tation by deliberately using a non-optimal bias for
certain cases: The set and graph inductive bias
in case of an inherently sequential record struc-
ture and the sequential inductive bias in case of
an inherently set or graph record structure. This
last setup basically replicates what has implicitly
been done in much of past document recognition
works.

Treating sheet music with a set bias: The
model architecture built for the set inductive bias
(Section 3.6) is adapted to the sheet music sce-
nario (Section 3.5) with its inherently sequential
record structure. As this architecture predicts
music symbols in no particular order, we must
add a horizontal position property to each record
node, representing its position in the sequence, to
recover the actual sequential record at inference
time. This approach effectively encodes a sequence
as a set, as suggested in [54]. Using the set induc-
tive bias leads to a more difficult task, as the
model must learn the sequential nature on its own
without structural guidance through an appropri-
ately biased model architecture. For example, the
prediction of the last record node requires check-
ing all “taken” nodes against all symbols visualized
in the document. The model transcribes 1937
sheets of music exactly and thus has a transcrip-
tion accuracy of 19.4 %, dropping 77.2 percentage
points compared to the model with sequential
bias. The model performs especially badly on
longer sequences with a transcription accuracy of
0.0% for more than 15 symbols. Similarly, the
model architecture employing the general graph
inductive bias (Section 3.7) yields 0.0 % accuracy
under the baseline experimental setup. The set
and graph bias make fewer assumptions about the
underlying graph structure than the sequential
bias. While this makes the training less data-
efficient, more data would enable the model (or
a bigger model) to eventually learn the inher-
ent structure and solve such transcription tasks.
For example, extending the experimental training
setup for the same graph model to 500 epochs
(and increasing batch size to 512) improves the
transcription accuracy to 10.4 %.
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Inductive bias

seq set graph
T seq 96.6 % 19.4 % 0.0 %
3
g set 120% 749 % -
~ graph 0.0 % - 74.8 %
Table 1: Modeling appropriate

structure-specific inductive biases (bold
numbers) expectedly shows a signif-
icantly better transcription accuracy
than applying inappropriate biases
(plain numbers).

Treating shape drawings with a sequence bias:
The model architecture built for the sequential
inductive bias (Section 3.5) is adapted to the
shape drawing scenario (Section 3.6) with its
inherent set record structure. Using the sequen-
tial bias leads to a more difficult task, as the
model must learn the uniform distribution over
the remaining nodes rather than a single node,
hardened by record nodes carrying a type and
properties. The model transcribes 1193 drawings
correctly up to a coordinate precision threshold of
about +4 pixels, resulting in a transcription accu-
racy of 12.0%, dropping 62.9 percentage points
compared to the model with set bias. The model
performs especially badly on records with more
than four record nodes, making only 23 correct
transcriptions and a transcription accuracy of
0.6 % on such records. The sequential bias makes
more (here: wrong) assumptions about the under-
lying graph structure. These assumptions lead
to a noisy training signal, as the predicted next
node can be any remaining node. We suspect
that this noisy signal leads to unstable training,
making more data insufficient for learning non-
sequential transcription tasks. Similarly, adapting
this misaligned bias to the engineering drawings
scenario (Section 3.7), which possesses a general
graph structure, fails entirely, yielding 0 correct
transcriptions (a 0.0 % accuracy). This suggests
that, in such cases, a more general bias design
is not only beneficial but also necessary, e.g., for
a document foundation model supporting various
document types.

Table 1 summarises these results. The omitted
entries (*-”) represent redundant configurations:
applying a graph bias to a set record trivially
reduces to the set bias, while extending a set bias
to model relations yields the graph bias.



4.8 Limitations and scope

Our controlled environments rely on two pri-
mary simplifications. First, we base our custom
inductive bias design on a unified base architec-
ture, making only slight adaptations to minimize
confounding architectural variables. Second, all
experiments are conducted on synthetic, simpli-
fied data. While these simplifications serve as
valid experimental constraints to substantiate our
central claim, they highlight the following chal-
lenges for scaling document transcription to more
realistic settings:

Inductive bias design: The document-to-record
task maps a specific record structure to a class
of structure-specific inductive biases; however,
determining the optimal design remains an open
research question, particularly for non-sequential
structure prediction. While remaining-node pre-
diction offers conceptual advantages over existing
methods (see Section 2.2), these must be shown
to translate into empirical gains in complex,
real-world settings. Conversely, existing bipar-
tite matching approaches, though successful in
scene graph generation, must demonstrate that
they can scale to graphs of higher order and
size: While we here primarily motivate structure-
specific inductive biases for document transcrip-
tion, the connection we establish is bidirectional;
thus, document transcription itself serves as a rich
and relevant testbed for improving inductive-bias
design in structured-output prediction.

Data acquisition and scale: Our approach
assumes access to large-scale datasets contain-
ing ground-truth record representations. For
convention-bound document types, record-aligned
representations often already exist (frequently
driven by the conventions themselves), making
our approach directly applicable. Examples of
such representations include the Kern syntax or
MusicXML for OMR, ETEX for mathematical
expressions, the data models generated during
CAD workflows for engineering drawings, and
BIM workflows for floor plans.

For domains lacking such representations, data
acquisition will be costly. However, the document-
to-record perspective offers a mitigation strategy:
by grouping seemingly unrelated document types
according to their shared inherent record struc-
ture, it enables cross-domain data pooling. This

18

structural alignment enables cross-domain learn-
ing and serves as a foundational step toward
developing highly capable, generalized document
foundation models.

5 Conclusion

This paper started with the observation that doc-
uments stored as images on the one side and
pictures taken in the real world on the other side
have many principled differences, calling for dis-
tinct approaches for their analysis. In addition
to evident dissimilarities in pixel density, which
later motivated our removal of uninformative
patches from model input, we highlighted funda-
mental distinctions in their content and meaning:
Documents are designed to convey a fixed set
of information, which led to a distinct perspec-
tive: Rather than recognizing selected aspects in
a document only, document recognition should
be regarded as a transcription task of the full
information. An analogous transcription is impos-
sible for complex and information-rich natural
images, where no description can capture all rel-
evant information to form a natural interface for
downstream tasks.

Taking on this perspective shifts the focus
of document recognition away from traditional
practices — adapting naturally misaligned com-
puter vision approaches — to what content must
be extracted for holistic document understanding,
i.e., the transcription or record of that document.
That shift to document-to-record transcription
revealed several intrinsic, archetypal record struc-
tures shared across otherwise disjointed document
types, such as documents containing sequential
data forming linear graphs, or interlinked data
forming unrestricted graphs. These kinds of struc-
tures group document domains on a conceptual
level, enabling a method of principled inductive
bias design to better predict outputs following
these structures. This is the main conceptual
advance presented in this paper.

For validation, we used this method to design
inductive biases for three progressively more
complex record structures and learn respec-
tive document-to-record transcription models effi-
ciently (specifically: data-efficiently) in an end-
to-end framework. In particular, based on this
approach we showed a successful implementation
of an end-to-end learned document recognition



system for engineering drawings for the first time
in the literature. Ablation studies showed that the
advance of improved transcription accuracy with
less training data can indeed be attributed to the
design of suitable inductive biases and not to other
components of the pipeline or setup.

By framing document recognition as a domain-
agnostic (but record-structure-specific) transcrip-
tion task, our work opens numerous avenues
for future research. First, it enables (end-to-
end) learning to understand non-sequential doc-
ument types, which previously lacked a viable
path to achieve similar recognition success than
simpler document types. Second, the presented
method for structured inductive bias design
stimulates inquiry into further structure-imposed
graph types present in documents’ records, such
as unordered tree structures (e.g., hierarchical
organizational charts) or multi-type graph compo-
sitions (for example, engineering drawing recogni-
tion can be decomposed into first recognizing the
3D shape from the 2D outlines — an unrestricted
graph, as shape primitives are interlinked —, fol-
lowed by matching the annotations —an unordered
tree structure, as annotations do not annotate
each other). Third, our work groups document
types conceptually that were disjoint previously,
paving the way for document foundation models
trained across many document types, potentially
enabling emergent capabilities in general docu-
ment understanding.

Finally, beyond its theoretical implications,
this perspective provides a practical rubric for
end-to-end document recognition by distilling
semantic information from their visual and syn-
tactic representations. We provide a detailed
summary on these practical considerations in
Section E.
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Appendix

A Proof for read function
space reduction

Here, we provide the mathematical proof that it
follows from Equation (1) that the read function
space reduces to a single read function: G = {g*}.
First, we restate Equation (1) with the function
composition definition inserted:

Vre R,Vfe FVgeG:g(f(r)=r (5)
Now, we assume that there exist two functions
in G, g1 € G and g € G and show that they must
be the same function. Given an arbitrary write
function f,, € F, it follows that g; and g, must be
the same function for all records written by f,:

VreR: gi(fu(r)) =7 =g2(ful(r))  (6)

As we chose f,, arbitrarily, this holds for any
f € F. Thus, ¢g; and g5 are the same function for
all valid documents of our domain, where valid
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documents are D = {f(r) | Vr € R,Vf € F}.
So, g1 and go are the same function across all
domain-relevant inputs; we call that function g*,
and, therefore: G = {g*}.

B Training details

Next to the setup described in Section 4.5, we
use a hardware-friendly tensor representation and
batch processing to speed up training.

Tensor representation: Current hardware is
optimized for tensor operations. Thus, for perfor-
mance considerations, we use a structure of arrays
(SoA) layout: We split the nodes of the input
sequence into separate vectors: a vector of node
types, a vector of discrete properties, and a vec-
tor of continuous properties. To ensure efficient
processing and easy masking, we pad fields with
varying numbers of properties so that each node
occupies the same amount of space within these
vectors. With this representation, tensor opera-
tions, such as linear maps, can be run over those
vectors in parallel. For the output prediction, we
still follow the SoA layout: We produce a vector
for the logits of all node types and a matrix for
the logits of all discrete properties, padded to the
maximum number of discrete properties per node
type to fit a matrix structure.

Batch processing: During training, we use a
batch size of 32. Batch elements can have differ-
ent sequence lengths, as records have a varying
number of nodes and images a varying number
of patches (we filter empty patches). Therefore,
when running the model in batch mode, we pad
the shorter sequences to fit into a tensor repre-
sentation. With masking, we ensure that these
padded elements do not affect the model’s func-
tionality. Specifically, we remove them for the
attention mechanism and loss calculation.

C Record Equality

Node equality: A node n consists of a type type(n)
and properties props(n). Two nodes, n; and no,
are equal nj = ngy if their types match and
their properties are equal (up to a precision e for
continuous properties):

type(n1) = type(n2) A props(n;) = props(ns)
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Edge equality: An edge consists of a type type(e)
and properties props(e). Two edges, e; and es, are
equal e; = ey if their types match and their prop-
erties are equal (up to a precision e for continuous
properties):

type(e1) = type(e2) A props(e1) = props(es)

Record equality: A record r = (N, E) is a prop-
erty graph consisting of a set of nodes NV and a set
of edges F, where an edge connects two nodes, a
source node n; = a(e) and target node ny = B(e).
Two records, 11 = (N1, Eq) and ro = (Na, Es),
are equal 7, = 75 if nodes, edges and the struc-
ture are preserved. This is formalized by requiring
the existence of bijective functions ensuring these
properties:

3 a bijection f : Ny — No,
3 a bijection g : E1 — FEs s.t.
(Vn € Ni,n = f(n))A (Ve € Er,e = g(e)) A

nodes preservation

(Ve € Ex, f(a(e)) = alg(e)) A f(B(e)) = Blg(e))

structure preservation

edges preservation

D Node dissimilarity

A record node n has a discrete type type(n) €
T of a finite set of types 7 and type-specific
properties props(n) = (p1,...,pp+c). The prop-
erties consist of discrete and continuous proper-
ties: (p1,...,pp) are D discrete properties, where
each pp € V. for a finite set of values Vi;
(pp+1,--»PD+c) are C continuous properties,
where each pr € R. A node prediction n for a
node n provides a predicted distribution for the
type type(n) and type-specific property predic-
tions props(n) = (p1,...pp+c): (P1,...,0p) are D
discrete property predictions, where prediction pg
is a probability distribution over the set of possi-
ble values Vi; (Pp+1, ---, Pp+c) are the continuous
property predictions, where prediction pr € R is a
point estimate. The dissimilarity I(n,7) between
a node n and a node prediction n is defined as
the sum of the losses for the type and all prop-
erties. We use the cross-entropy loss, Lop, for
categorical predictions and the squared error for
continuous predictions. A weighting parameter \
indicates that these discrete and continuous loss
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terms must be balanced in some capacity when
used together:

l(n,n) = Log(type(n), type(n))

D
+Y " Lon(pr pr)
k=1
D+C
+ A Z (k. — Pr)*

k=D+1

E Practical considerations

In this section, we take a more applied viewpoint
on document-as-transcription and discuss how our
insights directly affect practical considerations for
building document recognition systems.

Architectural implications. The document-as-
transcription perspective highlights that docu-
ment recognition is a many-to-one, document-to-
record task. Therefore, we can model the task
as deterministic function approximation. This
avoids the target ambiguity and complex train-
ing dynamics typical of ill-posed inverse problems,
where a single observation often maps to multiple
valid interpretations. Furthermore, as contrasted
with graph generation (see Section 2.2), this deter-
ministic mapping frees the architecture from the
heavy probabilistic modeling required to learn dis-
tributions over arbitrary graphs, allowing it to
optimize purely for recovering a unique target
structure.

As a practical side-benefit of our document-
centric focus, we exploit the inherent sparsity
of convention-bound documents. By employing a
vision transformer for image encoding, we can
safely drop empty background patches, signifi-
cantly reducing computational overhead.

Record schema design. For any specific doc-
ument type, the precise record schema must be
defined, detailing the exact semantic entities, rela-
tions, and associated properties. The transcription
lens guides this schema design by strictly separat-
ing semantic content from extraneous visual arti-
facts. For existing record-aligned representations
(e.g., Kern syntax, IATEX), our perspective moti-
vates normalizing these representations to better
align with the record’s uniqueness and removing
rendering-only information from the ground truth,
as it is part of the synthesis process, not the record

(cf. [7]).



Crucially, not all structured formats constitute
a record. For instance, Scalable Vector Graph-
ics (SVGs) describe visual geometry rather than
semantic topology. A single drawn line in an SVG
might represent multiple distinct semantic edges
(or vice versa); thus, image vectorization [93] is
fundamentally distinct from document transcrip-
tion. Vectorization recovers visual paths, whereas
transcription requires extracting domain-specific
semantics.

Visual diversity and robustness. A practical
document recognition system must handle a wide
array of visual styles, including pristine digital
renderings, noisy scans, different fonts, or hand-
drawn variations. Within our proposed framework
(see Fig. 4), such stylistic diversity is formalized
as the application of distinct, valid synthesis func-
tions. Consequently, this diversity increases the
variance of the input distribution without fun-
damentally altering the underlying transcription
task. So, achieving robustness becomes primarily
an engineering challenge of implementing approx-
imate synthesis pipelines for data augmentation
and adequately scaling the model’s capacity (and
compute).

Document and record interpretation. Our per-
spective strictly delineates document-to-record
transcription from downstream interpretation.
Crucially, the rasterized image and the symbolic
record are informationally equivalent representa-
tions of the same underlying content. Therefore,
transcription is purely a modality translation
task; it does not involve interpreting this infor-
mation for downstream applications, such as cost
prediction for engineered parts (cf. [94]). Mean-
ingful document interpretation occurs subsequent
to transcription, typically by applying algorithmic
reasoning or graph neural networks directly to the
extracted symbolic record, or potentially to the
learned image embeddings.

However, we expect that semantically mean-
ingful information is much more explicitly avail-
able in the transcribed record than the original
image or any manually created partial informa-
tion extraction, and that some of that seman-
tic information will also be available in the
learned internal representations of encoded docu-
ment images, making them potentially useful for
semantic retrieval etc.

Non-convention-bound document transcrip-
tion. For mnon-convention-bound documents,
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Equation (1) no longer holds, as multiple inter-
pretations about the semantics may be valid for
a document. One could still try to apply the
document-as-transcription framework; however, it
loses the architectural implications above, mean-
ing that training a deterministic input-output
mapping could be conceptually impossible. Fur-
thermore, a record schema definition may become
impossible, as the document loses its intent to
convey full information precisely.

While one could argue that even strict conven-
tions might occasionally contain ambiguities that
violate Equation (1), we consider these instances
practical anomalies rather than systemic flaws.
Such edge cases represent failures in the conven-
tion, as any ambiguity that confounds a determin-
istic transcription model would identically hinder
human-to-human communication.

F Supplementary examples

Fig. F.1 shows the synthesis and transcription
process for sheet music. Fig. F.2 shows examples
of successfully transcribed sheet music. Fig. F.3
shows examples of incorrectly transcribed sheet
music. Fig. F.4 shows the synthesis and tran-
scription process for shape drawings. Fig. F.5
shows examples of shape drawings. Fig. F.6 shows
examples of correctly transcribed shape drawings.
Fig. F.7 shows examples of incorrectly transcribed
shape drawings. Fig. F.8 shows examples of sim-
plified engineering drawings.



\clef treble \time 3/4 £’’2 £’8 a’16 g’16 Synthesis
d’’8 g’16 a’4 a’16 g’16 g’8 g’16 a’2 b’8 g’16 —~ L
a’16 £°°16 £°2 e’’16 d’’16 d’’16 > d

\clef treble \time 3/4 £’’2 £’8 a’16 g’16
d’’8 g’16 a’4 a’16 g’16 g’8 g’16 a’2 b’8 g’16
a’l16 £°°16 £’2 e’’16 d’’16 d’’16

s
Synthesis

(a) Correct transcription.

\clef treble \time 3/4 b’8 e’’16 e’8 c’’8 Synthesis
g’16 e’16 d’’16 d’’8 d’’4 b’8 g’16 £°’16 -
c?’16 c’’8 e’16 e’8 a’16 b’16 a’2 £’’2 b’8 £’8

\clef treble \time 3/4 b’8 e’’16 e’8 c’’8
g’16 e’16 4’16 d’’8 d’’4 b’8 g’16 £’’16 c’’8 _ |
c’?16 e’16 e’8 a’16 b’16 a’2 £7°2 b’8 £’8  Synthesis

(b) Incorrect transcription (errors highlighted with red underlined text).

Fig. F.1: Example of a correct (a) and an incorrect transcription (b). Both start with the true record (top
left, written in LilyPond syntax) and rendering (top right). Then, the model predicts a record (bottom
left, written in LilyPond syntax), which is rendered for visual comparison (bottom right).
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Fig. F.2: First 12 “sheets” of music of the randomly generated validation set. The model exactly tran-

scribes all of them.
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errors are marked like this:

)

oJ

Fig. F.3: Six examples of incorrect transcription increasing in Levenshtein distance. First, the true sheet

music is shown, followed by the corresponding prediction. In the predictions

a red note without a highlight means at least one music note property was wrong (replace), an empty

red highlight means the prediction had a music note missing (

the prediction had an extra music note (insert).

delete), a red note in red highlight means

30
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Line(start=(0.67, 0.85), end=(0.84, 0.6))

Line(start=(0.48, 0.24), end=(0.67, 0.24))

Line(start=(0.18, 0.44), end=(0.48, 0.44))

Line(start=(0.84, 0.49), end=(0.84, 0.6))

Line(start=(0.48, 0.24), end=(0.48, 0.85)) \\\\\‘
Line(start=(0.67, 0.24), end=(0.67, 0.85))

Transcription

Line(start=(0.48, 0.24), end=(0.67, 0.24))

Line(start=(0.84, 0.49), end=(0.84, 0.6)) /
Line(start=(0.19, 0.44), end=(0.19, 0.65))

Line(start=(0.48, 0.85), end=(0.67, 0.85))

Line(start=(0.19, 0.44), end=(0.48, 0.44)) T

Line(start=(0.67, 0.24), end=(0.67, 0.85)) Synthesis

Line(start=(0.67, 0.85), end=(0.84, 0.6))

Line(start=(0.48, 0.24), end=(0.48, 0.86))

Line(start=(0.19, 0.65), end=(0.48, 0.65))

(a) Correct transcription.

Line(start=(0.48, 0.18), end=(0.71, 0.18)) Synthesi
Line(start=(0.40, 0.67), end=(0.79, 0.67)) ynthesis
Line(start=(0.48, 0.18), end=(0.48, 0.51))
Line(start=(0.71, 0.18), end=(0.71, 0.51))
Line(start=(0.46, 0.81), end=(0.74, 0.81))
Line(start=(0.40, 0.51), end=(0.40, 0.67))
Line(start=(0.46, 0.67), end=(0.46, 0.81))
Line(start=(0.79, 0.51), end=(0.79, 0.67)) \
Line(start=(0.40, 0.51), end=(0.79, 0.51))
Transcription

Line(start=(0.46, 0.81), end=(0.74, 0.81))
Line(start=(0.79, 0.51), end=(0.79, 0.67)) -
Line(start=(0.40, 0.51), end=(0.40, 0.67)) Synthesis
Line(start=(0.40, 0.51), end=(0.79, 0.51))

Line(start=(0.41,
Line(start=(0.46,
Line(start=(0.48,
Line(start=(0.71,

Line(start=(0.48,

.67), end=(0.79, 0.67))
.67), end=(0.46, 0.81))
.18), end=(0.48, 0.51))
.18), end=(0.71, 0.18))
.18), end=(0.71, 0.18))

O OO 0O

(b) Incorrect transcription (errors highlighted with red underlined text).

Fig. F.4: Example of a correct (a) and an incorrect (b) transcription of shape drawings. In both cases,
we start with the true record (top left) and render it (top right). Then, the model predicts a record
(bottom left), which we render for easier comparison (bottom right). Finally, we render the prediction
in green on top of the true shape in red, and perfect overlapping matches in black (middle right).
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Fig. F.5: Examples of 40 engineering drawings. One cell represents one example.
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Fig. F.6: First 40 examples of correct transcriptions in the validation set. The ground truth is drawn in
red, the prediction in green. If overlapping exactly, the line is drawn in black.
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Fig. F.7: First 40 examples of failed transcriptions in the validation set. The ground truth is drawn in
red, the prediction in green. If overlapping exactly, the line is drawn in black.
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Fig. F.8: Examples of synthetically generated engineering drawings.
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