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Abstract

This article focuses on analyzing several aspects of the handwritten text recognition (HTR)
models belonging to the TrOCR family introduced by Minghao Li et al. in [TrOCR: Transformer-
based Optical Character Recognition with Pre-trained Models, AAAT Conference on Artificial
Intelligence, 2023]. The TrOCR models are designed to recognize single lines of English text
using a transformer-based encoder-decoder architecture. All models incorporate a pre-trained
vision transformer as the encoder and a pre-trained text transformer as the decoder. The
encoder is responsible for extracting key features from the image, while the decoder autoregres-
sively transcribes the text, subword by subword, based on the extracted features. The authors
report state-of-the-art performance across different text types, including handwritten, scene,
and printed text. Our analysis has several objectives. The first one is to gain a better under-
standing of the training process and the data used for producing the handwritten models. The
second one is to highlight and explore the functionality and limitations of the TrOCR model
in the context of HTR, which poses unique challenges such as variations in individual writing
styles. Additionally, we propose an architecture diagram that helped us better understand what
the model actually does with the input text line image, which we hope will be useful for the
research community using TrOCR.

Source Code
The source code and documentation for this algorithm are available from the web page of this
article!. Usage instructions are included in the README.md file of the archive. The authors’
original method implementation is available here: TrOCR?.
This is an MLBriefs article. The source code has not been reviewed!
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1 Introduction

Optical Character Recognition (OCR) has evolved through several distinct technological eras, each
shaped by the limitations and possibilities of its time. Early systems relied on handcrafted rules
and geometric heuristics, where characters were recognized by comparing strokes or silhouettes to
predefined shapes [23][6][24]. These methods worked reasonably well for clean, machine-printed text
but were vulnerable to the variation in writing styles or distortions [31][26]. The emergence of
machine learning brought the first substantial leap: classical neural networks and Hidden Markov
Models allowed models to learn statistical properties of characters and their sequences [36]. This
era was followed by the dominance of convolutional neural networks (CNNs) [16], which extracted
spatial features far more effectively, often paired with recurrent neural networks (RNNs) such as
LSTMs for sequence modeling [2]. OCR research then widely adopted the Connectionist Temporal
Classification (CTC) loss [8][7], which enabled end-to-end training without explicit character seg-
mentation and secured the CNN-RNN-CTC pipeline as the standard for handwritten and scene text
recognition [29][27].

Despite their success, CNN-RNN systems faced inherent constraints: sequential recurrence lim-
ited parallelization and long-range dependencies, and CTC-based decoding struggled with highly
irregular text or stylistic variation [10]. The introduction of transformers [32] resolved this by re-
placing recurrence with attention mechanisms capable of modeling global context in a single step.
Vision transformers (ViT) demonstrated that images could be treated as sequences of patches, while
text transformers captured linguistic structure more effectively than RNNs [5]. OCR models be-
gan integrating these components — either by augmenting CNN backbones with attention layers or
by adopting fully transformer-based architectures. TrOCR, [17] represents the culmination of this
shift: a unified encoder—decoder model that applies a vision transformer to image patches and a
text transformer to generate transcriptions autoregressively. Crucially, TrOCR leverages large-scale
pre-training for both components, marking a shift from task-specific OCR architectures to general-
purpose foundation models adapted to the OCR domain.

Despite this strong reported performance, TrOCR remains a complex model whose training pro-
cess, data lineage, and downstream behavior are not fully transparent in the original publication.
The model is trained through a multi-stage pipeline involving large-scale text extraction from PDF
documents, extensive synthetic data generation, and fine-tuning on curated benchmarks. Each stage
produces intermediate model variants that differ not only in parameter scale, but also in their ex-
posure to specific types of textual input. Understanding this training trajectory is essential for
interpreting TrOCR’s strengths and limitations, especially in handwritten text recognition, where
variability in writing style, stroke continuity, background color, and character regularity pose chal-
lenges that differ markedly from printed or scene text.

This article focuses on the handwritten branch of the TrOCR model family. First, it reconstructs
and clarifies the multi-stage training pipeline that leads to the publicly available handwritten models,
including an examination of the data used at each stage. Second, it provides an exploratory analysis
of the behavior of TrOCR on handwritten text, illustrating where the model performs reliably and
where it exhibits systematic weaknesses. Particular attention is paid to issues such as sensitivity to
framing, difficulties with cursive handwriting, lack of robustness to non-white backgrounds, and the
model’s tendency to ignore case distinctions. Through these analyses, we hope to provide practical
guidance for researchers and practitioners who intend to use TrOCR for handwritten text recognition
and to highlight areas where further model development or fine-tuning may be necessary.
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2 TrOCR Architecture

TrOCR is the name given to the end-to-end text recognition encoder-decoder family of models in-
troduced in [17], where a pre-trained image transformer acts as the encoder and a pre-trained text
transformer acts as the decoder. Its architecture, according to the original paper, is summarized in
Figure 1.
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Figure 1. The architecture of the TrOCR model, as shown in the original paper [17].

In summary, the encoder computes representations of the image patches, and the decoder gener-
ates word piece sequences based on the visual features and on previous predictions.

It should be noted that, according to [17], the preprocessing of the input text line deviates slightly
from the original architecture diagram shown in Figure 1. More specifically, the authors claim to
have followed Dosovitskiy et al. [5] by first resizing the input image to a 384 x 384 square image
and then splitting it into a sequence of 16 x 16 image patches, which are used as input to the image
transformer that acts as the encoder. This can also be verified in the code. In Figure 2, we propose
an alternative diagram showing the 576 (24 x 24) patches of size 16 x 16 in which the 384 x 384
image obtained after resizing the input image is divided.

It is also important to note that, because the demo expects single lines of text as input (where
the width is typically much greater than the height), resizing and generating patches in this manner
gives different emphasis to the horizontal and vertical dimensions of the input images. Specifically,
each 16 x 16 patch contains more information about the variation of the text line in the horizontal
dimension than in the vertical dimension.

2.1 Transformers

A transformer is a type of neural network architecture that is particularly effective in handling
sequential data. It consists of an encoder and a decoder. The encoder extracts features from the
input sequences (which can be images or text) and passes them to the decoder. The decoder then
autoregressively generates the output sequence based on these features.

TrOCR follows the same transformer structure, with encoder parameters initialized using an
image transformer and decoder parameters initialized using text transformers.
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Figure 2: Proposed diagram of the architecture of the TrOCR model, as implemented in the code. In particular, the line of
text is first reshaped to a 384 x 384 pixel image, and then partitioned into 16 x 16 image patches. It is worth noting that
when input images are lines of text extracted from a PDF file, the reshaping step is even more aggressive on the horizontal
axis than the one shown in this diagram for the 3-word expression ‘LINCENSEE OF MCDONALD'S'.

2.1.1 Autoregressiveness

The model operates in two distinct modes: training and inference. For an autoregressive transformer,
the input of the decoder differs between these two phases.

During the supervised training phase, the entire target sequence, including special tokens such
as <bos> (beginning of sequence), <eos> (end of sequence), and <pad> (used to ensure a uniform
sequence length across a batch?), is fed into the decoder. This full sequence is used to compute the
loss against the true labels.

3Text transformer models are often trained on batches of data. Each batch typically consists of multiple input
sequences. However, these sequences of text are often of different lengths (i.e., text outputs of different lengths). To
process them in a single batch, all sequences must have the same length. Padding is used to make each sequence in a
batch have the same length by adding the special padding token (<pad>) to the shorter sequences.
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However, during the inference phase, the transformers generate outputs autoregressively. This
means that tokens are produced one at a time, with each new token depending on the previously
generated ones. At the first time step, since no output has yet been generated, the input of the
decoder consists only of the <bos> token. The decoder processes this token to produce the first
output token, which is then appended to the decoder input for subsequent steps. This process

continues iteratively until the <eos> token is generated or a predefined maximum length is reached.
An illustration of this process is shown in Figure 3.

Initial Step Step 1 Step 2 Step 3

TrOCR encoder takes image patches as the
input, and generates the encoder output.
TrOCR decoder takes <bos> token as the input,
which indicates the beginning of text generation.

Together with the encoder
output, TrOCR decoder
generates the first token,
“Look”.

The generated “Look” along
with <bos> token are the
decoder input for this step.

The generated “!”, together with
the previously-generated list of
tokens, are the new decoder

Together with the encoder
output, TrOCR decoder
generates the second token
o

input. TrOCR repeats the text
generation process until the
<eos> token is reached, which

indicates the end of text

generation.
Look ! <eos>
TrOCR TrOCR | TrOCR \;\ TrOCR ___) TrOCR
Encoder Decoder Decoder | .| Decoder *Dec‘c\)der
Image <bos> <bos> <bos> Look <bos> Look!
Patches

Figure 3: Transformer decoder generating the textual output autoregressively during inference, after an image containing
the text “Look!" is provided to the model.

2.1.2 Transformer Encoder

The encoder consists of several key components, including positional encoding, multi-head attention,
and feed-forward layers.

Positional Encoding. Since transformers process entire sequences in parallel, rather than sequen-
tially like Recurrent Neural Networks (RNNs), positional information can be lost, making it difficult
for the model to recognize the order of tokens in the input. To address this issue, positional encoding

is added to the input embedding, enabling the model to identify the position of each token within
the sequence.

Multi-Head Attention. The multi-head attention mechanism in the encoder combines multiple
self-attention “heads” that run in parallel, allowing the model to focus on different aspects of the input
simultaneously. The self-attention mechanism is one of the most distinctive features of transformers.
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It calculates a weight matrix for each token in the input sequence by computing the dot products
between tokens. This matrix enables the transformer to determine the importance of different tokens
all at once, identifying which parts of the input are most relevant for predicting the next token, rather
than processing data sequentially like RNNs or LSTMs.

Feed-Forward Layers. After applying multi-head attention, the transformer employs a feed-
forward neural network to capture non-linear transformations in the data.

2.1.3 Transformer Decoder

The decoder takes the input sequence, adds positional encoding, and processes it through a masked
multi-head attention mechanism. The output of this masked multi-head attention, together with
the encoder’s output, is then passed through a multi-head attention layer followed by a feed-forward
neural network. This sequence of operations produces the final decoder output. Two key attention
mechanisms in the decoder, which differentiate it from the encoder, are the masked multi-head
attention and the cross attention. These mechanisms enable the decoder to generate output sequences
efficiently by using both the previously generated tokens and the encoder’s output.

Masked Multi-Head Attention. The masked multi-head attention is similar to the multi-head
attention in the encoder, performing self-attention on the decoder input. However, it ensures that
the model does not “cheat” by looking ahead at future tokens that have not yet been generated, using
a masking mechanism. This is particularly important during training, where the entire sequence is
provided as input to the decoder. The model achieves this by setting the attention weights for future
positions to zero, effectively masking them.

Cross Attention. Unlike the multi-head attention in the encoder, which uses self-attention, the
decoder employs cross-attention. In this mechanism, the decoder pays attention to the output of the
encoder. Instead of calculating the weight matrix from the dot products of tokens within the same
sequence, cross-attention calculates it by taking the dot products between the decoder input and
the encoder outputs. This process is crucial because it enables the decoder to generate contextually
relevant output based on the input sequence.

2.1.4 Advantages and Limitations

Transformers offer several advantages, including parallel processing, the ability to capture long-range
dependencies, and SOTA performance.

e Parallel Processing: The transformer architecture uses the self-attention mechanism, which
enables it to capture relationships between all elements in a sequence simultaneously, rather
than processing them one by one. This parallel processing capability contrasts with RNNs,
which rely on sequential processing. As a result, transformers can process sequences much
more efficiently, leading to significantly faster computation.

e Long-Range Dependencies: In transformers, self-attention enables each element in a se-
quence (such as a word in a sentence) to pay attention to all other elements in that same
sequence. This mechanism is particularly powerful because it goes beyond relying on immedi-
ate neighbors (like adjacent words) to determine meaning. It captures long-range dependencies
and connections between distant elements by computing attention scores, which guide the
model on how much focus to allocate to different elements.
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e SOTA Performance: Transformers have achieved SOTA performance across a wide range
of tasks, including translation (e.g., BERT [3], RoBERTa ([18]), question answering, and text
generation, as seen in models like GPT.

However, transformers also have weaknesses. First, they require a fixed input length, which means
that they cannot natively handle variable input sizes. As a result, for models like TrOCR, the input
must be resized and divided into patches to ensure a fixed input length. Second, transformers require
large amounts of data to generalize effectively. To address this, TrOCR leverages transfer learning,
initializing the model with weights from well-trained models to mitigate the need for extensive data.
Finally, transformers are sensitive to spatial distortions: the default positional encodings used in
transformers struggle to capture relative spatial relationships, particularly when these relationships
are irregular or distorted. This weakness will be further explored in this study.

3 Training Pipeline

As mentioned in the previous section, the TrOCR architecture is composed of one pre-trained vi-
sion transformer (the encoder) and one pre-trained text transformer (the decoder). The TrOCR
authors further pre-train models on synthetically generated data, and fine-tune them on human-
labeled databases. In this section, we explore the initialization, pre-training and fine-tuning pipeline.
In order to better visualize the data used in the training process, examples of training data are in-
cluded in each subsection describing a training step. The overview of the training workflow, described
in more detail in Figure 4, is as follows:

1. Model initialization: both the encoder (vision transformer) and the decoder (text trans-
former) models are initialized using weights available online.

2. Stage 1 Training (First stage pre-training): the model is trained for the task of transcrib-
ing single lines of text using images of lines of text extracted from PDF files available online
(together with their transcriptions).

3. Stage 2 Training (Second stage pre-training): the model is trained using lines of syn-
thetically generated handwritten text.

4. Stage 3 Training (Fine-tuning): the model is trained with handwritten lines of text.

3.1 Model Lineage

As shown in the left column of Figure 4, three different sizes of TrOCR models are produced in
Step 1 (Model initialization), by combining different Computer Vision (CV) and Natural Language
Processing (NLP) pre-trained models. TrOCRgyarr, contains 62 million parameters, TrOCRpasg
includes 334 million, and TrOCRparge comprises 558 million parameters.

In all cases, the TrOCR models [17] undergo three distinct training stages. In Stage 1 (referred
to as “first stage pre-training” in [17]), each model is trained on 684 million lines of text in English
extracted from PDF files available on the Internet. This initial phase provides models with a broad
understanding of the task of transcribing single lines of text. The three models generated at this
stage are called trocr-small-stagel, trocr-base-stagel, and trocr-large-stagel, as shown
both in the middle column of Figure 4 and in the line corresponding to Stage 1 in Table 1 (the word
“Any” under “Text type” indicates that, up to that step, models have not been trained to transcribe
a specific type of digital-born text). It is expected that these models perform better on machine-
printed text, as this constitutes the entirety of the Stage 1 training data. Models are intended to be
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1. Model initialization > 2. Stage 1 Training > 3. Stage 2 Training >> 4. Stage 3 Training >

684M images of lines of text ~9M images simulating 6000+ images of
crawled from the Internet handwritten text generated using real handwritten text
(images not available) the TRDG library (IAM dataset, available)

(images not available)
~9M images of single words from the
IIIT-HWS dataset (images available)

TrOCRSMALL (62M parameters)

TI‘OCRBASE (334M parameters)

. trocr_base_ stagel trocr_base handwritten

TrOCRLARGE (558M parameters)

. trocr_large_stagel trocr_large_ handwritten

Figure 4: Training pipeline of TrOCR models for handwritten text. Note that no models are shown under Stage 2 Training
since they were not published by the authors of [17].

further trained into models capable of processing one specific desired text type (i.e., handwritten,
printed, scene text), as shown in Table 1.

Following this, each of the models goes through another training stage that we call Stage 2
(referred to as “second stage pre-training” in [17]), which involves training them to recognize text
of a specific type among handwritten, printed, and scene text. For this purpose, close to 18 million
images of lines of text are synthetically generated to train the handwritten models, 3.3 million images
are produced to train the printed text models, and 16 million images are generated to train the scene
text models. In other words, new TrOCR models are generated for each text category, tailored to
their specific type of text. The nine models produced after this stage of training were not made
available by the authors of TrOCR [17] and therefore are listed as N/A in Table 1 and not included
in Figure 4.

Finally, in Stage 3 (referred to as “fine-tuning” in the original paper), each specialized model
undergoes further training, but with real data: the handwritten text models are fine-tuned using the
IAM dataset [20], the printed-text models are trained with the SROIE dataset [11], and the scene
text models are fine-tuned on eight distinct word-based datasets: IIIT5K-3000 [22], SVT-647 [33],
IC13-857 [14], IC13-1015 [14], IC15-1811 [13], IC15-2077 [13], SVTP-645 [25], and CT80-288 [28].

This would result in nine new models (i.e., three fine-tuned models for each specific text recogni-
tion category). However, only eight of these models were made publicly available (the trocr-small-str
version for scene text was neither released nor evaluated in [17]).

8
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Table 1 presents all available TrOCR models along with their corresponding identifiers for loading
pre-trained weights through the Hugging Face library [35].

Models
Stage | Text type Small Base Large

1 Any trocr-small-stagel trocr-base-stagel trocr-large-stagel
Handwritten N/A N/A N/A

2 Printed N/A N/A N/A
Scene Text N/A N/A N/A
Handwritten | trocr-small-handwritten trocr-base-handwritten trocr-large-handwritten

3 Printed trocr-small-printed trocr-base-printed trocr-large-printed
Scene Text N/A trocr-base-str trocr-large-str

Table 1: The identifiers for the TrOCR models corresponding to each text recognition category and the training stages are
listed following the names used in the Hugging Face library [35]. Notably, the weights for the trocr-small-str model
designed for scene text have not been published, which is listed as N/A.

This work focuses on models in the ‘Stage 3 - Handwritten’ line in Table 1, and its corresponding
demo is implemented for the model trocr-base-handwritten®.

3.2 Model Initialization

Both the encoder and the decoder models are initialized using the publicly available models pre-
trained on large-scale labeled and unlabeled datasets.

TrOCR leverages image transformers, such as BEiT [1] and DeiT [30], along with text-transformers
such as BERT [3] and RoBERTa [18] to initialize the decoder. However, since both models have an
encoder-based structure, they lack the cross-attention mechanism found in transformer decoders. As
a result, the parameters for cross-attention are randomly initialized, as these are not present in the
original transformer models.

An ablation study on the SROIE [11] dataset is described in [17]. In this study, different
combinations of pre-trained vision and text transformer models are evaluated. For the encoder,
they use DeiTgase, BEiTgasg and ResNet-50 [9]. For the decoder, they use RoBERTagasg and
RoBERTa;arge models. The conclusion is that initializing the encoder with BEiTgasg and the
decoder with RoBERTap arce leads to higher precision, recall and F1 results. The demo published
together with this work is initialized using BEiTgasg and RoBERTapAraE-

3.3 Stage 1 Training

As mentioned in Section 1, the training performed in Stage 1 (referred to as “first-stage pre-training”
in the original paper) is common to all models. We understand that the authors generated images
of lines of text from PDF files, and extracted the ground truth text by reading each line from the
same PDF files. However, no access to the dataset used in this stage is provided in [17] and, to our
knowledge, it is not publicly accessible.

According to [17], these images were obtained by sampling two million document pages from
PDF files of born-digital documents publicly available on the Internet, and generating 684M text
line images together with their corresponding text transcription.

4The eleven models shown in this Table 1 are available here: https://huggingface.co/models?other=trocr&
sort=trending&search=microsoft
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3.4 Stage 2 Training

Stage 2 Training (referred to as “second-stage pre-training” in the original paper) uses data augmen-
tation exclusively. On the one hand, the authors use an open-source text recognition data generator
called TRDG?®, which takes lines of text (randomly crawled from pages of Wikipedia) as input and
generates text line images using more than 5,000 different fonts that simulate handwritten styles
with varying degrees of realism. On the other hand, the authors include the IIIT-HWS dataset [15],
which also consists of text lines generated by rendering 100 images for each of roughly 90k words
taken from a dictionary (in different font types —chosen among 750 synthetic fonts in total- that,
ideally, simulate handwritten fonts), and varying parameters such as the kernel level (inter-character
spacing), stroke width (from a defined distribution) and applying Gaussian filtering to smooth the
rendered image. In order to simulate other characteristics of handwritten text, they also apply small
rotations and shear transformations, and apply translations by varying the padding in order to sim-
ulate incorrect segmentation of words. Figure 5 (taken from [15]) shows some good results of these
artificially generated words (i.e., results that resemble text written by a human). However, a careful
examination indicates that most examples are print-script rather than cursive handwriting. The
letters are clearly generated individually; some of them are displaced so that they touch each other,
but the transition is generally not smooth, as it should be for cursive handwriting. Furthermore, the
repeated instances of one same letter present in a word are identical (e.g., the two “t” in “state” in
Figure 5).

dtattid) Mt HOULSES B4

o’i’C’ﬁB}’? HLice c:oM_igfq\can“ Houe
e |SoMetning | foveg B Foleiser,,

o "G el )

Figure 5: Sample synthetic handwritten word images, as shown in [15].

In total, these two sub-datasets together are said to contain 17.9M lines of text. To our knowledge,
the training data generated with the TRDG library is not publicly available (only links to fonts %7
are provided).

By downloading the IIIT-HWS dataset, one can verify that:

1. The dataset consists of roughly 9M images (which means that the number of text lines generated
using the TRDG library is also around 9M);

2. Each image in the dataset contains one single word;
3. All images are 48 x 125 pixels in size, in grayscale;

4. The roughly 9M images are organized in folders, each of which contains 100 different images
of the same word generated using 100 different fonts;

Shttps://github.com/Belval/TextRecognitionDataGenerator
Shttps://fonts.google.com/?category=Handwriting
"https://www.1001fonts.com/handwritten-fonts.html

10


https://github.com/Belval/TextRecognitionDataGenerator
https://fonts.google.com/?category=Handwriting
https://www.1001fonts.com/handwritten-fonts.html

TRANSCRIBING LINES OF HANDWRITTEN TEXT UsING TROCR

5. Some of these open-source fonts resemble ‘handwritten fonts’, like the sample images displayed
in [15], included in Figure 5.

6. Some other fonts resemble standard computer fonts, and not ‘handwritten fonts’, as can be
seen in Figure 6.

intermediaries intermediaries  MERMEDIR®E  Intermediaries

Figure 6: Sample images in the [IIT-HWS dataset created with fonts that do not look like a ‘handwritten font'.

3.5 Stage 3 Training (fine-tuning)

Finally, the IAM Handwriting Database [20] was used to fine-tune the model for the downstream
handwritten text recognition task, using the cross-entropy loss. This benchmark dataset, composed
of handwritten text in English, is the most widely used for handwritten text recognition.

Fine-tuning was done using the Aachen’s partition of the aforementioned dataset. First published
in ICDAR 1999, this database contains forms of unconstrained handwritten text, scanned at a
resolution of 300 dpi and saved as PNG images with 256 grayscale levels. One sample image of such
forms can be seen in Figure 7. The Aachen partition used for fine-tuning consists of 6161 lines of
text extracted from 747 forms in the training set, 966 lines from 115 forms in the validation set and
2915 lines from 336 forms in the test set. The total number of distinct writers is 657.

Sentence Database A01-043

Informal talks at Lancaster House will resume today. PRESIDENT KENNEDY today
defended the appointment of a Negro as his Housing Minister. It has aroused strong
opposition from the anti-Negro senators of the Deep South. The negro is Mr. Robert
Weaver of New York. One of his tasks will be to see there is no racial discrimination
in Government and State housing projects.

hdommdd tatks ak  Lavcade Howes LY
Womma_ +ockauy. TRESDDENT KENNEDY todtay
dlemotad Mu apPorubuwant of a Nequo as

Wie  Mamemng Maadks . W Nae  aroue’d oheusgy
oppshem foma Maa cwdh - ARgre sewabors of bal
Deap Sowdm . Tua. wegoe w M. Rodet =
Waouts of Nuo “ork. Ousl o Wwe lalke RN
1. bo sen. M@ o uwo vacial discrmudiuaier,
‘v Govduwardk ard\ Sheka. Womeiny

Pm&e% =

Figure 7: Sample of a complete form from the IAM Handwriting Database.
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3.6 Evaluation Metric

The metric used for evaluating the performance of text recognition of handwritten text is the Char-
acter Error Rate (CER), which measures the minimum number of character edits relative to the
number of ground-truth characters and can be computed as

S+D+1

CER =
N

where S is the number of substitutions, D is the number of deletions, I is the number of insertions,
and N is the number of characters in the ground truth (including spaces).

3.7 Reported Results on the IAM Dataset

In Table 2 we include the results of TrOCR on the IAM handwritten dataset reported in [17],
compared to other state-of-the-art models. The only model reporting a lower CER is one of the
three models reported in [4] but, unlike TrOCR, it uses an external language model.

Model Architecture External LM CER
(Bluche and Messina 2017 [2]) GCRNN/CTC Yes 3.20
(Michael et al. 2019 [21]) LSTM/LSTM w/Attn No 4.87
(Wang et al. 2020a [34]) FCN/GRU No 6.40
(Kang et al. 2020 [12]) Transformer w/CNN No 4.67
(Diaz et al. 2021 [4]) S-Attn/CTC No 3.53
(Diaz et al. 2021 [4]) S-Attn/CTC Yes 2.75
(Diaz et al. 2021 [4]) Transformer w/CNN No 2.96
TrOCRgmALL Transformer No 4.22
TrOCRgasE Transformer No 3.42
TrOCRpARCE Transformer No 2.89

Table 2: Evaluation results (CER) on the IAM Handwriting dataset (as reported on [17]).

4 Experiments

The experiments discussed in this section intend to serve as an initial exploratory walk-through of
how one specific TrOCR model trained for handwritten text recognition works, with the aim of saving
time for users approaching TrOCR for the first time.

As mentioned in Section 1, the demo that accompanies this paper receives an image containing
a single line of text and returns (ideally) the text’s transcription. The quality of this transcription
has its limitations, as can be seen in the following sections.

4.1 Handwritten Text

Among all the possible forms of handwriting text, there is usually a distinction between print and
cursive handwriting. The latter usually involves continuous strokes, which makes delimiting each
single character more difficult. In [17], no specific mention is made of whether there is a difference in
the quality of the transcription for cursive or print handwritten text. In the following subsections,
we explore how the model behaves when exposed to different forms of handwritten text (i.e., print,
upper case print, cursive).
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4.1.1 Print handwritten text

Figures 8 and 9 show the behavior of the TrOCR model when transcribing print handwritten text. In
both cases, the result is precise. However, note that no upper-case letters are used in the transcription
of the phrase in Figure 9 despite it being fully written in upper-case.

lijfc, s lke a box % howolates

TrOCR output: life is like a box of chocolates.
Ground truth: life is like a box of chocolates

Figure 8: Example of lower case print handwritten text. Note that the algorithm added a full stop at the end of the
transcription (which is not present in the image).

A Gox OF CHOWLATES

LIFE (& Lwwe

TrOCR output: 1life is like a box of chocolates.
Ground truth: LIFE IS LIKE A BOX OF CHOCOLATES

Figure 9: Example of mostly upper case print handwritten text. Note that the transcription is done using lower case only.

4.1.2 Cursive handwritten text

As mentioned at the beginning of this section, transcribing cursive handwritten text is one of the most
challenging of all OCR tasks. In this case, the same phrase introduced in the previous subsection is
evaluated again, but now in cursive handwritten text, as Figure 10 shows.

ﬁgz;mmmﬁm?wm

TrOCR output: lige is like a boon of chondates.

Ground truth: 1ife is like a box of chocolates

Figure 10: Example of cursive (a.k.a. continuous) handwritten text.

One could argue that this specific continuous handwriting style is not clear or readable enough,
but that is usually the case in handwritten text, especially in cursive handwriting.

4.1.3 Text written in languages other than English

As mentioned in Section 3.5, the model used in this demo was fine-tuned on IAM, which contains
handwritten text in English. However, some texts in other languages can be transcribed with high
precision, as Figure 11 shows. This is most likely due to the fact that Spanish and English share not
only the same script but also some word roots (e.g. the word ‘declarant’ does exist in English), and
also because the model does not have a language post-processing step.

13



NATALIA BoTTAIOLI, DANIEL PARRES, AND YUNG-HSIN CHEN

TrOCR output: la declarante
Ground truth: 1a declarante

Figure 11: Example of cursive handwritten text written in Spanish extracted from a Uruguayan birth certificate.

4.1.4 Background color

Another aspect worth examining is how well text is transcribed when it is not written on a white
background. To explore that, we propose an example of text written on a white background in which
the text is correctly transcribed, shown in Figure 12, and then compare the result of transcribing the
same image after inverting the colors (note that, in both cases, images are binary).

Boro 7 Lreod

TrOCR output: Hospital Local

Ground truth: Hospital Local

Figure 12: Example of cursive handwritten text extracted from a birth certificate scan.

TrOCR output: Hospital health

Ground truth: Hospital Local

Figure 13: Same image from Figure 12 after inverting colors.

This is most likely because training was done on images containing black text on white paper (at
least, this is the case in all datasets used for training that were publicly available and described in
Section 3).

4.2 Scene Text

Scene text recognition is one of the main tasks in OCR, and it is the area in which the first step of
traditional OCR pipelines, text detection, is more challenging. Since the method described in this
article is capable of transcribing only single lines of text, and a single line of text extracted from a
scene resembles a line of either handwritten or printed text, one could argue that analyzing this OCR
task may not seem necessary. However, we will explore what happens with a single image shown
in Figure 14 when cropped using Python®, or using other segmentation tools, such as the method
introduced in [19] and available online in the IPOL demo titled ‘Unified scene-text detection and
layout analysis™.

8 All images in this paper were cropped by removing pixels directly in Python, without any resizing. This preserves
the original resolution of the retained region and ensures that only one variable (framing) is altered.
Snttps://ipolcore.ipol.im/demo/clientApp/demo.htm1?7id=77777000421
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LIFE iSCE/;\i o)

Figure 14: Scene text image with both upper-case and lower-case print handwritten text. TrOCR outputs "5 References”
which is clearly not an attempt to transcribe the text present in the image but has more to do with the fact that the model
was trained to transcribe single lines of text as input.

One could, for instance, want to see how well the model recognizes the phrase ‘LIFE iS PAiN’ by
cropping the image, as shown in Figure 15. The model outputs the correct transcription (although
in lower-case, as observed in a previous example).

LIFE 1S PAIN

TrOCR output: 1life is pain.
Ground truth: LIFE iS PAiN

Figure 15: Cropped from Figure 14. Size: 515 x 112 pixels.

Figure 16 shows how a different crop can lead to incorrect text recognition. The crop shown in
Figure 17 is almost exactly the same as the one shown in Figure 16. In fact, the only difference is
that the second one contains five fewer rows of pixels than the first one. This shows how even a minor
difference in the crop, barely perceptible by the human eye, can lead to incorrect text recognition.

Figure 18, which was cropped to remove a few more pixel rows at the bottom of the image shown
in Figure 17 while still leaving the text readable to the human eye, provides yet another (quite
controversial!) transcription of the same text.

An instructive comparison between Figures 16, 17 and 18, visualized through their difference map
shown in Figure 19, underscores how subtle variations in the cropping process can alter TrOCR’s
behavior. The three cropped figures differ only in height when the overlaid words are aligned.
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LIFE 1S PAIN

TrOCR output: 1life is paid.
Ground truth: LIFE iS PAiN

Figure 16: Cropped from Figure 14. Size: 515 x 125 pixels.

LIFE IS PAIN

TrOCR output: life is rain.
Ground truth: LIFE iS PAiN

Figure 17: Cropped from Figure 16. Size: 515 x 120 pixels.

LIFE 1S PAIN/

TrOCR output: wife is pain.
Ground truth: LIFE iS PAiN

Figure 18: Cropped from Figure 17. Size: 515 x 105 pixels.

Difference Map

Figure 19: Difference map of Figures 16, 17, and 18 (compared when aligned at the top). Yellow indicates pixels where all
three images match. Blue indicates pixels where only Figures 16 and 17 match (they were removed from Figure 18). Red
indicates pixels present only in Figure 16. Colors are intended to help visualize how the content is progressively cropped
across the sequence of images, and demonstrate that even small visual differences between the images lead to different
TrOCR outputs.

Although this additional height does not modify the textual content, it does lead to a noticeable
change in TrOCR’s output.

Delegating the cropping step to an algorithm that detects text lines may seem a more objective
and possibly trustworthy way of cropping images. However, Figure 20 shows that problems can
still arise. One could argue that Figure 20 also contains the word ‘au’ in the crop (note that this is
because the cited demo detects entire lines and paragraphs, and provides them as outputs). However,
it should be noted that cropping the ‘au’ part from Figure 20, as Figure 21 shows, does not shorten
the transcription provided by TrOCR for the image shown in Figure 20: it completely changes the
transcription, even if the only difference between the two images is the presence or absence of the
rightmost part of the image containing the ‘au’ text.

16



TRANSCRIBING LINES OF HANDWRITTEN TEXT UsING TROCR

LIFE IS PAIN ow

TrOCR output: 1life is_rainlaw
Ground truth: LIFE iS PAiN au

Figure 20: Cropped from Figure 14, using the algorithm presented in [19].

LIFE IS PAIN

TrOCR output: 1life is pain.
Ground truth: LIFE iS PAiN

Figure 21: Image obtained by cropping the “au” part from Figure 20.

5 Conclusions

The TrOCR model appears capable of correctly transcribing English text written by hand in a
printed style on light-colored paper. However, it is notably less effective when transcribing hand-
written cursive text, or when transcribing text written in languages other than English or on dark
backgrounds.

Fine-tuning a model on a dataset that is more suited to the specific task is a logical approach,
especially when attempting to transcribe handwritten text in datasets that differ from those used
during the initial training.

Lastly, the model shows to be quite sensitive to the way in which text is cropped from documents
or images from scenes, resulting in a very unstable behavior.
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