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Abstract

Recent advances in Handwritten Text Recognition (HTR)
have led to significant reductions in transcription errors
on standard benchmarks under the i.i.d. assumption, thus
focusing on minimizing in-distribution (ID) errors. How-
ever, this assumption does not hold in real-world applica-
tions, which has motivated HTR research to explore Trans-
fer Learning and Domain Adaptation techniques. In this
work, we investigate the unaddressed limitations of HTR
models in generalizing to out-of-distribution (OOD) data.
We adopt the challenging setting of Domain Generaliza-
tion, where models are expected to generalize to OOD data
without any prior access. To this end, we analyze 336
OOD cases from eight state-of-the-art HTR models across
seven widely used datasets, spanning five languages. Ad-
ditionally, we study how HTR models leverage synthetic
data to generalize. We reveal that the most significant
factor for generalization lies in the textual divergence be-
tween domains, followed by visual divergence. We demon-
strate that the error of HTR models in OOD scenarios can
be reliably estimated, with discrepancies falling below 10
points in 70% of cases. We identify the underlying lim-
itations of HTR models, laying the foundation for future
research to address this challenge. Code is available at
github.com/carlos10garrido/HTR-OOD.

1. Introduction
Handwritten text plays a central role in transmitting hu-
man knowledge and culture across generations. Despite
the advancements in digital storage, significant volumes of
handwritten documents remain to be transcribed and thus
inaccessible for further analysis or retrieval. The field of
Handwritten Text Recognition (HTR) focuses on automati-
cally transcribing handwritten text into digital format. HTR
has wide-range applications, including the preservation of
cultural heritage [52], digital transcription of historical and
matrimonial records [69], digitization of personal and offi-
cial documents [66], and even real-time digital note-taking
through graphic tablets [67]. However, this transcription

Figure 1. Average performance of HTR models for in-distribution
(ID) and out-of-distribution (OOD) scenarios. The significant per-
formance drop in OOD scenarios highlights the limited general-
ization capability of current models. Details in Sect. 4.

process is challenging due to the vast variations in writ-
ing styles, different languages and alphabets, and even the
mediums on which the text is written [35].

Perhaps influenced by the long-standing competitions in
the field of HTR [2, 5, 76, 78], the latest improvements—
from both models [10, 11, 20, 39, 46, 47, 64] and data gen-
eration [17, 36, 44, 61, 82]—have been oriented towards
increasing performance in the test sets of standard bench-
marks, relying on the assumption that test data will conform
to the same source distribution. This adheres to the indepen-
dent and identically distributed (i.i.d) condition, which is of-
ten overlooked in real-world settings [12, 13, 27]. However,
as demonstrated by our preliminary results shown in Fig. 1,
the performance gap between in-distribution (ID) data and
out-of-distribution (OOD) data in HTR is particularly re-
markable. This phenomenon is yet to be explored in this
field. Although this generalization issue remains largely un-
explored, the literature recognizes the importance of gener-
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Figure 2. Illustration of the different approaches for the concept of “generalization” in HTR literature. While the field commonly considers
in-distribution (ID) train–test scenarios as ’generalization’ (variations within similar scripts and languages), true out-of-distribution (OOD)
generalization—encompassing vastly different scripts, languages, and historical periods—is not addressed.

alizing beyond the training data and focuses on two main
approaches: (1) Transfer Learning (TL), where pre-trained
models are fine-tuned on a target domain [79, 87, 98], and
(2) Unsupervised Domain Adaptation (UDA), as a particu-
lar case of TL, that aims to adapt prior knowledge to new
unlabeled data [85, 91] in synth-to-real scenarios [38] or
with real data [16, 73]. However, TL approaches in HTR
are constrained to scenarios where the source and target do-
mains share similar characteristics [6, 43] or limited to a
single architecture [5]. Likewise, existing UDA studies are
limited by small datasets [73, 96] or focus on word-level
tasks [16, 38], restricting their applicability to general HTR
at the line level. In this work, departing from the TL and
UDA literature, we rather adopt a Domain Generalization
(DG) framework, which aims to generalize to OOD data—
data significantly different from the training set—without
any prior access to it [84, 97].

Given the scarcity and diversity of labeled datasets in the
HTR field [35], we stress on a single-domain DG formula-
tion [65, 86] moving away from the deceiving concept of
“generalization” in the HTR literature (see Fig. 2). Our
experimentation comprises two approaches. First, we pro-
vide practical insights into the generalization capabilities of
HTR models, addressing questions such as: What is the best
model in terms of generalization? Is there a general HTR
method that outperforms others in generalization? In this
first part, we also explore how key factors from the DG lit-
erature, such as model selection [33] and model capacity
[29] enhance generalization performance. Additionally, we
explore which models best leverage synthetic data to predict
on real sets. The second part focuses on identifying the fac-
tors that most impact generalization in HTR models. To this
end, we conduct a factor analysis [23, 74, 92] to reveal the
most significant contributors. Before determining these fac-
tors, we address two critical challenges in HTR: (1) quan-
tifying visual divergence between domains, which refers to
measuring how different the visual features of characters
or sentences are across various domains and (2) assessing
textual disparities, which involves evaluating differences in

the underlying linguistic content. These two challenges are
addressed with two metrics—visual divergence and textual
divergence—that intuitively should play a significant role in
explaining OOD performance. Finally, leveraging the iden-
tified factors, we assess whether it is possible to estimate
the amount of generalization error in advance, following
the OOD literature on robustness [8, 55]. To mitigate po-
tential biases in our conclusions, we analyze 336 distinct
OOD evaluations under consistent and standardized condi-
tions, examining 8 distinct HTR models from the literature
across 7 datasets covering 5 different languages: English,
Spanish, French, German, and Latin.

Our key contributions are: (1) We conduct the first large-
scale analysis of HTR model performance evaluating both
ID and OOD scenarios and provide the first comprehensive
cross-lingual generalization study using real and synthetic
datasets; (2) We introduce and analyze proxy metrics for ex-
plaining HTR performance in OOD scenarios; (3) We iden-
tify key factors that most influence generalization in HTR;
(4) We demonstrate that OOD error can be estimated ro-
bustly from the considered proxies; (5) We provide a thor-
ough generalization analysis framework in HTR that pro-
vides the groundwork for future research in the field.

2. Related Work
2.1. Handwritten Text Recognition
The use of bidirectional Long Short-Term Memory
(LSTMs) networks [31, 34] with Connectionist Temporal
Classification (CTC) [32] has been dominating the state
of the art in HTR competitions for decades [2, 5, 76, 78].
Despite this prevalence of CTC, attention-based encoder-
decoder approaches [9] have recently gained popularity be-
cause of their competitive results [1, 20, 40, 45]. The work
of Michael et al. [54] provides a comprehensive study of
several sequence-to-sequence approaches for HTR. There
has also been a growing interest in the use of more scalable
and parallelizable architectures such as the Transformer
[83] by adapting the work of [25] (Vision Transformer) to
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the field [11, 24, 28, 58, 63, 70]. HTR has benefited from
this adaptation, either in isolation with an encoder-decoder
[46, 56, 57, 90] or in combination with the CTC objective
function [10, 21, 89]. The work of Diaz et al. [24] explores
universal architectures for text recognition, concluding that
a CNN backbone with a Transformer encoder, a CTC-based
decoder, plus an explicit language model, is the most effec-
tive strategy to date. Regardless of this progress, however,
the need for large labeled corpora as a pre-training strat-
egy in Transformer-based models has become noticeable
[24, 46, 49, 50, 95]. This issue could be mitigated through
the use of Self-Supervised Learning (SSL) training methods
[3, 60, 94].

2.2. Adaptation and Generalization in HTR
Transfer Learning (TL). Transfer Learning [79, 87, 98]
has emerged as a popular approach to improve HTR sys-
tems, particularly when dealing with small datasets or
adapting models to new domains. [6] investigated the
knowledge transfer from larger datasets to smaller ones, fo-
cusing on which layers of neural networks require retrain-
ing. In a follow-up study, [4] further explored the combi-
nation of Domain Adaptation (DA) and TL, concluding that
while it yields the best results, TL alone can achieve nearly
comparable performance. Aligned with these findings, [43]
demonstrated that fine-tuning is surprisingly effective as
a domain adaptation baseline in handwriting recognition,
focusing on architectures using CTC. [62] explored pre-
training strategies for HTR models, including the use of
synthetic data and data generated by Handwritten Text Gen-
eration (HTG) [61, 82], evaluating scenarios where only the
target language or author information is known.

Domain Adaptation (DA). The closest field to our re-
search is that of Unsupervised Domain Adaptation (UDA)
[85, 91], sometimes referred to as Writer Adaptation (WA)
in the HTR literature, which investigates techniques with
which to adapt HTR models trained on samples from ei-
ther one or multiple writers to unseen writers [43, 73, 80,
81, 96, 97] or adapting synth-to-real data [38]. This field
explores adaptation to new data by assuming access to un-
labeled samples from the target domain. In contrast, our
work is more akin to that of Domain Generalization (DG)
[33, 65, 84, 86, 97], where there is no access to any type of
data from the OOD target. To the best of our knowledge,
this scenario has not been explored in HTR. Nonetheless,
[62] introduces some close-to-DG experiments, focusing on
examining TL from several real-world source datasets to
only a few real-world target datasets, without deeply explor-
ing the generalization capabilities of these models. Instead,
authors use this scenario to compare various strategies us-
ing different percentages of target data, blending both syn-
thetic and real datasets within a TL framework. In our work,

we rather focus on studying the generalization capabilities
of HTR models to entirely new manuscripts without mak-
ing assumptions about the availability of specific unlabeled
data from the target domain. This approach is more chal-
lenging (as depicted in Fig. 2), since the robustness to the
OOD scenario has to be performed without prior informa-
tion about the new domain. We emphasize that in this work
we do not apply any type of adaptation to any target dataset,
in contrast to the WA/DA field.

3. Methodology
3.1. HTR formulation
HTR models take an image x and predict a sequence y =
(y1, y2, . . . yL), where each yi is a character from an alpha-
bet ⌃. Modern HTR models are trained in an end-to-end
fashion to align image-text pairs (x,y) from a training set
Dtrain. Then, they are evaluated on a test set Dtest to mea-
sure “generalization” performance. In this paper, we ex-
plore the generalization capabilities of HTR models in un-
seen domains, addressing a more challenging task than pre-
viously reported in the literature and aligning more closely
with the DG paradigm, as illustrated in Fig. 2. Note that this
type of generalization extends beyond the typical author-
to-author generalization in HTR [16, 18, 73] and addresses
new OOD challenges such as new manuscripts, alphabets,
and languages.

3.2. Baseline HTR Models
We have selected eight distinct architectures [10, 11, 20, 26,
37, 47, 54, 64] specifically designed for HTR, representing
all this broad spectrum. Despite the number of methods,
these can be primarily organized by their approach to align
the input image x with the output sequence y, fitting into
one of the three main categories: (1) Connectionist Tempo-
ral Classification (CTC) [20, 26, 47, 64], (2) Sequence-to-
Sequence models [37], or (3) Hybrid models [10, 11, 54].

CTC. Most architectures in the modern HTR literature
employ the CTC objective [32] as an effective method for
aligning images with unsegmented transcriptions. We se-
lected four distinct architectures with different feature ex-
tractors. These architectures are: CRNN [64], VAN [20],
CNN-SAN [26], HTR-VIT [47]. This selection comprises
different CTC-based architectures with a broad range of en-
coders and decoders.

Sequence-to-sequence. Sequence-to-sequence models
(Seq2Seq) have been dominating the arena of language
processing [9], particularly boosted by the introduction of
the Transformer [83].1 To investigate this type of Seq2Seq

1In this work, we do not include TrOCR [46], as it was not originally
designed for HTR but rather as a secondary application.
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architectures, we utilize the Transformer presented in [37]
(ResNet + Transformer) since other pure Transformer-
based architectures merely differ in post-processing
techniques [90].

Hybrid. Several studies have adopted hybrid approaches
for HTR [10, 11, 54]. Inspired by [42], which combined
CTC for the encoder and Cross-Entropy (CE) for the de-
coder as a multitask learning for Speech Recognition, a
similar method was first applied in HTR in [54]. This ap-
proach utilizes a hybrid loss function that merges CTC and
CE losses as L = �Lctc + (1� �)Lce,� 2 [0, 1],

with � typically set to 0.5. This combined loss has
proven beneficial in HTR, as shown in [54]. Addition-
ally, recent trends in HTR explore transcription as a mul-
titask learning problem, particularly with lightweight CNN
and Transformer architectures [10, 11]. We explore this
late trend in HTR throughout the architectures proposed in
[10, 11, 54].

Table 1 summarizes the architectures considered in this
work.

Table 1. Description of HTR architectures considered, includ-
ing alignment type, number of parameters, and input image sizes.
C=CNN; FCN=Fully Convolutional Network; SA=Self Attention;
T=Transformer; Att=“Classic” attention.

Model Architecture Align. Params Input size

CRNN [64] CRNN CTC 9.6M 128,1024
VAN [20] FCN CTC 2.7M 64,1024
C-SAN [26] C+SA CTC 1.7M 128,1024
HTR-VT [47] C+ViT CTC 53.5M 64, 512

Kang [39] ResNet+T Seq2Seq 90M 64,2227

Michael [54] CRNN+Att.Dec Hybrid 5M 64,1024
LT [10] C+T.Enc+CTC Hybrid 7.7M 128,1024
VLT [11] C+T.Enc+CTC Hybrid 5.6M 128,1024

3.3. Experimental setup
Data. We assessed the performance of the models in the
following datasets: IAM [52], Rimes [41], Bentham [19],
Saint-Gall (S.G.) [71], George Washington (G.W.) [66], Ro-
drigo [72] and ICFHR 2016 (READ 2016) [77]. Table 2
details each dataset.

Performance metrics. As the majority of works in the
field, we assessed the performance of the models using the
common Character Error Rate (CER).2 This ensures con-
sistency with existing research and facilitates a more direct
comparison with our findings. Additionally, we computed

2Results with the Word Error Rate will also be reported in Appendix 7.

Table 2. Handwritten document datasets considered, with an indi-
cation of the language, historical period, number of writers, num-
ber of samples in each partition, and size of the alphabet (⌃).

Dataset Lang. Period No.
writ

TrainVal Test —⌃—

IAM En 1999 657 6.4K 976 2.9K 79
Rimes Fr 2011 1.3K 10K 1.1K 778 100
Bentham En 18-19th c. 1 9.1K 1.4K 860 91
S.G. Lat 9-12th c. 1 1.4K 235 707 49
G.W. En 1755 1 325 168 163 68
Rodrigo Sp 1545 1 20K 1K 5K 115
ICFHR2016 De 15-19th c. unk. 8.2K 1K 1K 91

the Expected Calibration Error (ECE) for each model, fol-
lowing the definition in [7]. We aim to assess not only the
accuracy of the models but also their capacity to generate
calibrated probability outputs. This is critical for under-
standing model behavior and uncertainty when applied to
unseen OOD data, thereby offering a more comprehensive
evaluation of model performance.

Implementation details. Each model was trained from
scratch for 500 epochs, with the best model saved based
on validation performance (CER) for the corresponding do-
main. Training is always performed with a single source do-
main, and the run is stopped if the CER on the validation set
does not improve at least 0.1 within 100 epochs. We imple-
mented a comprehensive set of typical data augmentation
techniques from HTR literature [51, 68]: rotation, dilation,
erosion, random perspective, elastic transformation, shear-
ing, and Gaussian noise, applied with a probability of 0.5.
Lastly, we grayscaled all images as in [64]. Hyperparame-
ters such as architecture, input size, batch size, optimizers,
and schedulers were consistent with the original configu-
rations. Further details on data augmentation and hyper-
parameters are provided in Appendix 8. Given that each
dataset contains a unique alphabet, we combined all alpha-
bets using Unicode3 to standardize evaluations, resulting in
a vocabulary of 94 characters including special symbols for
the beginning of sequence [BOS], padding [PAD], unknown
[UNK], and the end of sequence [EOS]. No post-processing
techniques or lexicon-based predictions were applied to the
outputs of the models.

4. Practical out-of-distribution insights
We first present the experiments conducted to explore the
practical implications of our large-scale study on general-
ization in HTR. Specifically, we aim to answer the follow-
ing key questions regarding the studied architectures: (1) Is

3https://pypi.org/project/Unidecode/
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Table 3. In-distribution (ID) and out-of-distribution (OOD) results (CER %) for HTR models across datasets. The OOD result is reported
from the best-performing source. Results marked with ⇤ indicate outliers, meaning that the model did not converge in the ID setting.
Average results (bottom row) are computed filtering out outliers. † denotes architectures implemented from the papers (no code provided).

Dataset CRNN [64] VAN [20] C-SAN† [26] HTR-VT [47] Kang† [39] Michael† [54] LT† [10] VLT† [11]

ID OOD ID OOD ID OOD ID OOD ID OOD ID OOD ID OOD ID OOD

IAM 6.4 34.9(+28.5) 6.6 28.6(+22.0) 15.0 31.5(+16.6) 5.8 33.7(+27.9) 8.0 42.1(+34.1) 7.5 49.1(+41.6) 7.9 42.0(+34.1) 8.9 41.3(+32.4)

Rimes 3.7 25.0(+21.2) 5.6 21.3(+15.6) 12.0 29.8(+19.8) 7.9 28.3(+20.4) 5.7 32.0(+26.3) 6.9 35.5(+28.6) 5.0 30.8(+25.8) 5.1 29.4(+24.3)

G.W. 8.2 31.1(+22.9) 9.3 32.0(+22.7) 9.0 49.8(+40.8) 34.9⇤ 38.6 78.4⇤ 44.0 53.8⇤ 43.6 79.6⇤ 32.3 25.2⇤ 32.1(+6.9)

Bentham 4.7 25.3(+20.6) 7.4 26.6(+19.2) 10.0 38.9(+28.9) 8.4 33.3(+24.9) 8.5 39.4(+30.9) 8.5 43.5(+34.9) 6.0 33.8(+27.8) 6.1 33.3(+27.2)

S.G. 7.2 33.6(+26.3) 7.8 39.8(+32.0) 8.6 35.0(+26.4) 17.1 36.5(+19.3) 78.7⇤ 51.8 76.9⇤ 55.3 12.5 37.8(+25.3) 9.2 38.7(+29.4)

Rodrigo 1.7 40.9(+39.3) 2.3 38.5(+36.2) 3.8 45.2(+41.4) 3.9 38.5(+34.6) 2.6 60.6(+57.9) 3.8 65.3(+61.5) 2.0 48.4(+46.4) 2.2 47.4(+45.3)

ICFHR2016 5.2 78.7(+73.5) 7.5 75.3(+67.8) 17.0 83.4(+66.4) 11.6 79.6(+68.0) 7.8 92.6(+84.8) 9.5 85.2(+75.7) 5.9 90.5(+84.6) 6.0 85.1(+79.1)

Average 5.3 38.5(+33.2) 6.7 37.4(+30.8) 9.7 44.8(+35.4) 7.5 41.2(+33.7) 6.5 51.8(+45.3) 7.2 53.9(+46.7) 6.5 45.1(+38.5) 6.3 43.9(+37.6)

there a model or alignment strategy that consistently out-
performs others in terms of OOD performance? (2) How
do model selection and capacity impact OOD performance?
Lastly, considering the increasing use of synthetic data in
HTR models, we conduct experiments to address the fol-
lowing: (1) Which model or alignment makes the best use
of synthetic data to predict real HTR data? and (2) How
does the internal Language Model (LM) impact HTR per-
formance?

4.1. HTR performance
The results of the first experiments are reported in Table 3,
where the rows represent the target domain, the first column
indicates the ID error, and the OOD column shows the best
error achieved from any other source domain. In this sce-
nario, the typical ID model selection is applied by choosing
the one with the best validation error in the source domain.
The average performance of both models in the two scenar-
ios (ID, OOD) is presented in the last row, with the best
results highlighted in bold. We compare three state-of-the-
art VLMs [22, 48, 59] and TrOCR [46] in a zero-shot setting
in Appendix 7, highlighting their limitations for HTR.

OOD results are terrible. OOD results are poor across
all architectures and alignment types, with CER values
ranging from 37.4% to 53.9%—error rates that are no-
tably high for a transcription system. The model that
performs best in terms of generalization is VAN, show-
ing only a slight absolute improvement of 1% over the
second-best model (CRNN), which also uses CTC align-
ment. When comparing the best model (VAN) to the worst
model (Michael) in terms of generalization, the absolute im-
provement is only 16.5%. The average difference between
ID and OOD CERs is 37.6%, posing that generalization
gaps in HTR remain significant even under the best OOD
conditions.

Alignment type does not really matter, but choose CTC.
OOD performance is ordered and color-coded according to
the alignment type in Fig. 3. While the observed differences
are not substantial, a macro-level analysis reveals that mod-
els utilizing CTC alignment exhibit the best generalization
performance, followed by hybrid approaches, and finally,
purely Seq2Seq models. The results suggest that, within the
DG scenario, a CTC-alignment model is the most effective
choice. Notably, even the model with the poorest OOD per-
formance (C-SAN) is comparable to the second-best align-
ment type (hybrid approach, VLT), with CER performances
of 44.8% and 43.9%, respectively. Grouping models by
their decoding method—CTC or autoregressive (AR)—we
observe that CTC-based models achieve an average CER of
40.4, while AR models have a CER of 48.7, resulting in a
relative drop of 20%.

Figure 3. Average CER in the out-of-distribution (OOD) scenario
where each color represents the alignment type (sorted by perfor-
mance).

4.2. Leveraging synthetic data
This section investigates how HTR models utilize synthetic
data for predicting on the typical HTR datasets. The study
has two primary objectives: (1) to assess the effectiveness
of each architecture in leveraging synthetic data relative to
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Figure 4. Average performance of the HTR models trained with
synthetic data across real historical datasets. Blue bars repre-
sent performance when training with the same language as target,
whereas orange represents the best result with any other language.
ID (green) and OOD (black) performances training with real data
are provided as references.

real data, and (2) to quantify the influence of the under-
lying language model (LM) on the overall performance.
We designed controlled experiments to evaluate the effect
of synthetic text generation across multiple languages on
real datasets’ performances. We generated synthetic 100K
text lines randomly selected from WIT dataset [75] in En-
glish, French, Spanish, German, and Latin using 4,000 pub-
licly available fonts4 with handwritten styles ensuring an
equal number of lines for each language. We excluded
HTG methods [17, 61, 82] as they rely on labeled data tar-
geting ID performance, limiting their applicability to DG.
For this scenario, we compare the performance of models
trained on synthetic datasets rendered in the same language
as the target versus those trained on a different language. To
ensure fair comparisons, we consistently selected the best-
performing models based on validation results for the target
dataset regarding the language used. The results are shown
in Fig. 4, where results are sorted from best to worst (left-
to-right) to facilitate visualization. We also report the full
results with synthetic data in Appendix 7 (Table 7).

Synthetic data (slightly) improves OOD, even blindly.
The first observation in Fig. 4 is that using synthetic data
consistently improves OOD performance compared to real
data, even when a different language is used from the tar-
get domain. Although the CER remains high, ranging from
32.9 to 45.7, models generalize an average of 6 points better
when using synthetic data. In the best case, where the target
domain language is known, models show an absolute gain
of over 11 CER points.

4Fonts were sourced from open-access repositories like 1001fonts.com.

Figure 5. Average CER (%) in out-of-distribution (OOD) perfor-
mance for HTR architectures according to the number of parame-
ters (millions). X-axis is in log-scale for better visualization.

Choose CTC again (AR-models are more biased). Fig.
4 shows that the model that best utilizes synthetic data is
the CRNN architecture, followed by VAN. While the dif-
ferences are less pronounced compared to the OOD sce-
nario using real data, the conclusion remains the same: CTC
alignment is still the best option. When grouping models
by their decoding method, whether CTC or autoregressive
(AR), we find that the relative decrease compared to train-
ing with synthetic data—same or a different language—is
25% for AR and 19% for CTC. This intuitively reflects the
nature and bias of AR models: they are explicitly trained
to compute an LM, unlike CTC models, making the latter
more robust to language variations.

4.3. Model selection and capacity
In this section, we evaluate the performance of HTR models
through two key factors from the DG literature: model se-
lection [33] and model complexity [29]. We compare three
OOD model selection strategies inspired by DG studies: (1)
No-selection (ID selection), where the best model is cho-
sen based on source validation performance (standard i.i.d.
setting, as shown in Table 3) used as a baseline; (2) Held-
out selection, where model selection is based on the average
performance across all validation data sources excluding the
target dataset [33]; (3) Oracle-based selection, which sets
an upper performance bound by selecting the best model
based on validation results from the target dataset [33]. As
with prior analyses, OOD performance reflects the best re-
sult, regardless of the source domain used for training. We
present the results in Fig. 5, where the capacity of the HTR
models (measured in millions of parameters) is compared
to their OOD performance across the three model selection
methods using real and synthetic data.

Model selection has no impact. Fig. 5 demonstrates that
the choice of selection method has a negligible impact
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on OOD performance in the HTR models, with the re-
sults across the various selection strategies being practically
identical. Contrary to findings in the broader (DG) litera-
ture [33], the oracle-based selection method does not yield
substantial advantages over other strategies. These results,
when applied to the oracle model, suggest that in the DG
scenario, no “sweet spot” exists for selecting a model that
consistently exhibits superior generalization performance.

More capacity is not useful. It can also be observed from
Fig. 5 that an increase in model capacity (measured by the
number of parameters) does not correspond to an improve-
ment in the generalization capabilities in OOD scenarios,
suggesting that increased model complexity does not nec-
essarily translate to better generalization performance.

5. Factor analysis of out-of-distribution
In the previous sections, we analyzed the performance of
HTR models in OOD scenarios from a practical perspec-
tive and compared key aspects of DG literature. In this sec-
tion, we focus on identifying the hidden factors that most
influence OOD generalization in HTR. To achieve this, we
conducted a Factor Analysis [23, 74, 92], where the goal
is to find the minimum set of latent variables, or factors,
sufficient to explain the data and establish dependencies be-
tween features. The features in this analysis consist of the
following base metrics that could potentially explain the
OOD performance [55, 88]: model capacity (measured by
the number of parameters), ID and OOD errors (measured
by CER), and model ID and OOD calibration errors (ECE).
However, given that HTR lies in the intersection between
image and text processing, we consider two novel features
that must be relevant in this context: visual and textual di-
vergence between domains.

Visual divergence. To quantify the visual differences be-
tween domains, we approached this problem as an Anomaly
Detection (AD) task [93]. Following the reconstruction-
based literature [14, 15, 53], we measure whether a sample
of a target T is out-of-distribution based on the reconstruc-
tion error of an Autoencoder (AE) trained on a source S
that we denote as �✓S . In this work, we trained a simple
convolutional AE (�✓S ) for each source dataset (details and
results in Appendix 9), and we compute �(XS , XT ) as the
average reconstruction error (measured in MSE) as:

�(XS , XT ) =
1

m

mX

i=1

����✓S (X
(T )
i )�X(T )

i

���
2

on the target dataset’s images XT . Therefore, �(XS , XT )
estimates how far a dataset deviates from the original source
domain distribution. Concretely, �S(XS , XT ) quantifies

visual divergence between train-test splits from same source
S and �T (XS , XT ) for different S (train) and T (test).

Textual divergence. To quantify the divergence between
two textual distributions (YS , YT ), we considered the av-
eraged KL-divergence across varying n-grams [30, 62].
Specifically, we compute �(YS , YT ) as the average KL-
divergence for each n-gram from n = 1 . . . 5:

�(YS , YT ) =
1

n

nX

i=1

X

j2Vn

D(n)
KL(P

(S)
j k Q(T )

j )

where Vn is the set of n-grams for the source vocabulary and
D(n)

KL(P
(S)
j k Q(T )

j ) represents the KL divergence between
the n-gram j in the source and target distributions. Conse-
quently, �(YS , YT ) approximates how “unlikely” the text
in the target domain is relative to the source domain. In our
metrics, we denote �L(YS , YT ) as the divergence between
the source text domain YS and a synthetic target domain
T (the same ones used in the synthetic experiments) where
the language L is known. We refer to �GT (YS , YT ) as the
actual divergence (see Appendix 9) between the source do-
main YS and the ground truth of the target domain YT .

5.1. Main latent factors
Thus, with all metrics collected (model parameters, visual
divergence, textual divergence, ID and OOD errors and cal-
ibrations) and after applying standard preprocessing to nor-
malize the columns, we extracted the k eigenvectors cor-
responding to the k eigenvalues � 1. In our case, k = 4
(more details in Appendix 10). After testing various rota-
tions (although results did not differ significantly) the most
interpretable explanation was achieved by oblimax rotation.
Results are presented in Fig. 6, where color-coded (Pear-
son’s) correlations illustrate how each metric relates to the
four hidden factors.

Factor 1: Textual divergence explains most of the OOD
error. Factor 1 shows a strong positive correlation with
textual metrics for both ground-truth �GT (YS , YT ) (0.92)
and generic texts �L(YS , YT ) (0.84). This suggests that
Factor 1 is heavily linked to textual divergences, highlight-
ing it as a significant contributor to OOD error. Noteworthy,
Factor 1 shows a moderate positive correlation with OOD
error (0.62), implying that greater textual misalignment be-
tween domains leads to increased difficulty in generalizing
for HTR models. Additionally, Factor 1 shows positive cor-
relations OOD ECE (0.52), suggesting that it may also cap-
ture aspects of calibration linked to textual divergence, al-
though to a lesser extent. Overall, these results underscore
that alignment in textual content between source and target
domain is crucial for reducing OOD error in HTR models.
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Figure 6. Factor loadings (contributions) of different metrics based
on a factor analysis with 4 orthogonal (color-coded) factors: Fac-
tor 1 (blue): Textual divergence; Factor 2 (orange): Visual diver-
gence; Factor 3 (green): calibration quality; Factor 4 (red): cali-
bration influenced by model complexity. CEROOD is OOD error.

Factor 2: Visual similarity has a modest influence on
OOD Error: Factor 2 has a high positive correlation with
ID reconstruction error �S(XS , XT ) (0.8) and OOD re-
construction error �T (XS , XT ) (0.92) indicating that this
factor predominantly reflects visual divergence between do-
mains. Interestingly, Factor 2 also shows a weak to moder-
ate negative correlation with OOD error (-0.3). This sug-
gests that while visual divergence may not be a dominant
factor in predicting OOD error, it does exert a modest in-
fluence. This relationship implies that models experience
some performance degradation as the visual divergence be-
tween source and target domains increases, albeit this effect
is weaker compared to the impact of textual divergence.

Factor 3 and Factor 4: Calibration quality and model
complexity with differing effects on ID and OOD scenar-
ios. Factor 3 is strongly correlated with both ID (0.81) and
OOD (0.73) ECE, thus representing calibration accuracy.
Weak links to model complexity and OOD error imply that
this factor mainly affects prediction reliability in OOD sce-
narios without substantially influencing OOD error itself.
Factor 4 correlates positively with ID ECE (0.53) and model
parameters (0.56), suggesting it captures ID calibration in-
fluenced by model size. It has minimal effect on OOD error,
indicating that while increased capacity enhances ID cali-
bration, it does not translate to better generalization.

5.2. Can we predict OOD performance?
We established that the factors most affecting the gener-
alization of models are those that quantify textual diver-
gences. This section addresses a more practical question:
Can OOD error be estimated from the proxy metrics in-
vestigated? To analyze this, we calculated the expected er-
ror using metrics that do not require target labels: ID er-
ror, ID ECE, number of parameters, reconstruction errors
(ID and OOD), and KL divergence. The results are dis-
played in Fig. 7 (left), where the actual CER (X-axis) is

Figure 7. Left: Representation of the estimated vs. real CER val-
ues (MSE of 10.9 on average). Right: Cumulative distribution of
grouped residuals. Approximately 70% of predictions yield an er-
ror below 10 points of CER.

plotted against the expected CER (Y-axis). The deviation
from the black line represents the absolute error between
the predicted and actual OOD values with an average de-
viation of 10.9 points, measured by Mean Absolute Error
(MAE). We observe a clear positive correlation between the
real and estimated CER values, suggesting that the model
is generally successful in capturing the error trends, with
higher predicted CER values tending to correspond with
higher real ones. From a practical standpoint, the right
plot in Fig. 7 presents the residuals distribution (measured
by MAE), highlighting that nearly 30% of predictions have
residuals between 0 and 5 and thus demonstrating high ac-
curacy for a significant portion of samples. By the time the
residuals reach the 10–15 range, about 70% of the predic-
tions have been accounted for, indicating that most predic-
tions are reasonably close to the true CER.

6. Conclusions
This paper provides a comprehensive analysis of general-
ization in Handwritten Text Recognition (HTR) models, ad-
dressing the significant gap in understanding performance
in out-of-distribution (OOD) scenarios. We conduct the first
large-scale evaluation of HTR model performance, analyz-
ing OOD results across multiple datasets and architectures,
first providing practical insights for researchers in the HTR
field. These experiments suggested that greater emphasis
should be placed on enhancing the generalization capabil-
ities of HTR models, as no architecture or alignment type
in the literature currently facilitates effective generalization.
Additionally, the results indicated that when utilizing syn-
thetic data, greater benefits are likely to be achieved with
architectures based on alignment CTC. Furthermore, lever-
aging proxy metrics through factor analysis, we identified
that the primary factor contributing to OOD error is the tex-
tual divergence between source and target, with a weaker
contribution of the visual divergence factor. We emphasize
that more research studying this last factor has to be done.
Finally, we also found that these proxy metrics can robustly
predict generalization errors with considerable precision.
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for handwritten text recognition using bidirectional post-
decoding. ICDAR, 2021. 3, 4

[91] Garrett Wilson and D. Cook. A survey of unsupervised deep
domain adaptation. ACM Transactions on Intelligent Systems
and Technology, 2018. 2, 3

[92] Phil Wood. Confirmatory factor analysis for applied re-
search. 2008. 2, 7

[93] Jie Yang, Ruijie Xu, Zhiquan Qi, and Yong Shi. Visual
anomaly detection for images: A systematic survey. Proce-
dia Computer Science, 199:471–478, 2022. The 8th Interna-
tional Conference on Information Technology and Quantita-

tive Management (ITQM 2020 & 2021): Developing Global
Digital Economy after COVID-19. 7

[94] Mingkun Yang, Minghui Liao, Pu Lu, Jing Wang, Sheng-
gao Zhu, Hualin Luo, Qingzhen Tian, and X. Bai. Read-
ing and writing: Discriminative and generative modeling for
self-supervised text recognition. ACM Multimedia, 2022. 3

[95] Zhilin Yang, Zihang Dai, Yiming Yang, Jaime G. Carbonell,
Ruslan Salakhutdinov, and Quoc V. Le. Xlnet: General-
ized autoregressive pretraining for language understanding.
arXiv: Computation and Language, 2019. 3

[96] Yaping Zhang, Shuai Nie, Wenju Liu, Xing Xu, Dongxiang
Zhang, and Heng Tao Shen. Sequence-To-Sequence Domain
Adaptation Network for Robust Text Image Recognition. In
2019 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR), pages 2735–2744, Long Beach,
CA, USA, 2019. IEEE. 2, 3

[97] Kaiyang Zhou, Ziwei Liu, Y. Qiao, T. Xiang, and
Chen Change Loy. Domain generalization: A survey. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2021. 2, 3

[98] Fuzhen Zhuang, Zhiyuan Qi, Keyu Duan, Dongbo Xi,
Yongchun Zhu, Hengshu Zhu, Hui Xiong, and Qing He. A
comprehensive survey on transfer learning. Proceedings of
the IEEE, 2019. 2, 3

15286


