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This article addresses the problem of correcting noisy Optical Character Recognition (OCR) outputs from digitized historical documents,
specifically those from the Berrutti Archive related to Uruguay’s civic-military dictatorship. These documents—produced with
typewriters, diverse layouts, and overlaid annotations—pose significant challenges for standard OCR tools, resulting in highly error-
prone text. We present a novel post-OCR correction method that leverages fine-tuned open-source Large Language Models (LLMs)
combined with a constrained decoding strategy. This strategy incorporates character-level similarity between the OCR input and the
generated output at decoding time, steering the model toward corrections that closely preserve the original text structure. We evaluate
our method on a gold-standard dataset of over 2000 annotated lines and show that it outperforms prompting and standard fine-tuning
approaches, reducing both character error rate (CER) and word error rate (WER). The corrected outputs provide more accurate input
for downstream tasks, such as named entity recognition, relation and event extraction, and knowledge graph construction, thereby
supporting the broader goal of extracting knowledge from historically significant and sensitive archives.
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1 Introduction

Between 1973 and 1985, Uruguay was governed by a civic-military dictatorship, preceded by a period of state terrorism
from 1968 to 1973. This era was marked by systematic human rights violations, including torture, rape, kidnapping, and
the forced disappearance of hundreds of individuals. Investigating these crimes has been historically hindered by legal
impunity and the deliberate restriction of access to state-produced information.

In recent years, partial access to archival material has become possible. One notable example is the Berrutti Archive,
which contains approximately three million pages of documents produced by security agencies during and after
the dictatorship. The archive consists primarily of digital scans of microfilm reels, preserving heterogeneous and
often degraded documents such as interrogation reports, press clippings, personal records, photographs, and lists of
individuals and locations (Figure 1 shows some examples). These materials are of high historical and judicial value: they
support ongoing investigations, contribute to the search for missing persons, and play a key role in fostering public
understanding of this period.

Since 2018, we have been working on a multidisciplinary initiative [8] to analyze and systematize documents
produced during Uruguay’s authoritarian rule. A central challenge in this effort is extracting machine-readable text
from scanned documents. Due to legal restrictions, the archival material cannot be processed using cloud-based services
that require data sharing. As a result, we rely on on-premise OCR solutions such as Calamari OCR [33] and Tesseract1.
To improve OCR performance, we built a proprietary gold-standard dataset via a crowdsourcing platform, where
volunteers transcribe small document segments, which are later reviewed and curated by experts.

1Tesseract OCR https://github.com/tesseract-ocr/tesseract

Authors’ Contact Information: Ignacio Sastre, isastre@fing.edu.uy; Lorena Etcheverry, lorenae@fing.edu.uy; Guillermo Rey, grey@fing.edu.uy; Guillermo
Moncecchi, gmonce@fing.edu.uy; Aiala Rosá, aialar@fing.edu.uy, Instituto de Computación, Facultad de Ingeniería, Universidad de la República (Udelar),
Uruguay.

1

https://github.com/tesseract-ocr/tesseract


2 Ignacio Sastre, Lorena Etcheverry, Guillermo Rey, Guillermo Moncecchi, and Aiala Rosá

Fig. 1. Examples of document excerpts from the Berrutti Archive illustrating differences in the legibility and quality of the documents.

Despite these efforts, OCR outputs remain highly noisy due to the poor quality and variability of the source material.
Errors at the character and word level significantly limit the usability of the extracted text, motivating the need for
robust post-OCR correction methods.

In this paper, we address OCR post-correction as a sequence generation problem, where a noisy OCR output is
transformed into a corrected version. Large Language Models (LLMs) are a natural candidate for this task, as they have
demonstrated strong performance in generative language tasks and can leverage rich linguistic knowledge to resolve
ambiguities [24, 27, 34]. However, standard LLM generation is not directly suitable in this setting. In particular, LLMs
may introduce hallucinations or deviate from the source text—behaviors that are unacceptable in this domain, where
preserving fidelity to the original document is essential for both historical accuracy and legal reliability.

We therefore frame OCR correction as a controlled generation problem under fidelity constraints. While constrained
decoding has been successfully applied in tasks such as code generation and semantic parsing—where constraints enforce
syntactic or structural validity—our setting presents a different challenge. Rather than enforcing a predefined output
structure, we aim to ensure that the generated text remains closely aligned with a noisy input sequence, preserving its
content while correcting errors. This requires controlling the generation process using criteria based on similarity to
the input, rather than task-specific grammars or formal constraints.

To this end, we propose an approach that combines open-source LLMs fine-tuned on domain-specific examples with
decoding strategies designed to guide generation toward outputs that remain close to the original OCR sequence. In
particular, we explore (i) standard beam search to improve generation quality, and (ii) constrained beam search, which
incorporates similarity-based constraints to enforce alignment with the input at the token level. Figure 2 illustrates this
process, comparing the outputs produced by a fine-tuned LLM, a beam search variant, and a constrained beam search
variant. The example highlights how different decoding strategies affect the trade-off between correcting OCR errors
and preserving fidelity. The fine-tuned (FT) model produces outputs that are distant from the target text, whereas the
two methods that leverage input distance yield significant improvements. Notably, although the FT model’s output is
erroneous, it includes a domain-specific entity —a real minister’s name— demonstrating knowledge acquired through
fine-tuning.

Contributions. In this paper, we:
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Fig. 2. Example of noisy OCR correction using an LLM. The OCR output introduces errors, which are corrected by the different
versions of the LLM: the fine-tuned LLM (FT), the beam-search variant (FT+BS), and the beam-search variant with constrained
decoding (FT+CBS). The different variants aim to maintain fidelity to the gold standard (GT). OCR errors are marked with yellow
font, soft red text indicates modified, still wrongly translated text, and green text corresponds to Ground Truth values

• Propose an LLM-based approach to OCR post-correction that explicitly balances error correction with fidelity
to the original text, a critical requirement in cultural heritage and human rights archives.

• Introduce similarity-based constrained decoding strategies that guide generation using alignment with the
input sequence, at both sequence and token levels.

• Adapt controlled generation techniques to the challenging setting of noisy OCR text, demonstrating their
effectiveness in reducing hallucinations.

• Evaluate our approach on a real-world archival dataset from a sensitive historical domain, highlighting practical
constraints such as domain-specific language and on-premise processing requirements.

The paper is structured as follows: Section 2 presents a review of related work. Section 3 describes Fine-tuning
experiments. Section 4 explains the beam search and similarity metrics at the sequence-level approach. Section 5
presents constrained beam search: a beam search approach combined with similarity metrics at the token level. Section
6 presents results on validation and test sets, together with some examples showing the impact of the proposed methods
on OCR output correction. Section 7 identifies some limitations of the presented work. Finally, Section 8 contains the
conclusions and outlines future work.

2 Related Work

Concerning post-OCR correction, two important references are the competitions carried out at the International
Conference onDocument Analysis and Recognition (ICDAR) in its 2017 [3] and 2019 [22] editions. For these competitions,
datasets containing outputs generated by OCR tools, with errors, and the corresponding correct texts weremade available.
In 2017, the most effective systems integrated statistical machine translation and neural machine translation approaches.
In 2019, a BERT-based method [7] achieved the best results. More recently, in 2021, a post-OCR processing survey
[19] reviewed different datasets and methods, including some crowdsourcing approaches to create data for post-OCR
processing. Some of them display entire documents that require manual correction by users [5, 13], while others show
only single words [4, 31]. These approaches are similar to our project, where we created a crowd-sourced dataset using
a web application. However, in our case, segments with few words are shown to users for correction, and we add an
image with a fragment of the text to provide more context.
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As with most language processing problems, current work on post-OCR correction prioritizes the use of transformer-
based language models. In [28], experiments are described on a dataset of 19th-century English newspaper articles.
They fine-tuned two transformer-based models: BART [16] and Llama 2 (7B and 13B) [29], the latter showing the best
results. The authors mention that the most challenging problems faced were correcting named entities and LLama’s
hallucinations. In [1], the authors evaluate fourteen LLMs, with different prompts, against various post-correction
benchmarks, including different domains and transcription qualities. They conclude that LLMs, used in this setting, are
not particularly good for correcting transcriptions, but they also show that guiding their output format leads to better
results.

In [17], the T5 model [21] was fine-tuned for OCR error correction specifically in Hungarian scientific texts. This
fine-tuning led to improvements in the Word Error Rate (WER) and Rouge metrics. However, a key distinction between
their work and ours is that they started with sentences that had significantly lower error rates compared to ours
—0.90 in Rouge and 0.23 in WER, as opposed to our scores of 0.505 in Rouge and 0.633 in WER. In another study
[30], a T5 model was employed for correcting OCR errors. The author demonstrates that while effective results can
be achieved with modern texts, the same cannot be said for the ICDAR2019 dataset, which comprises ancient texts.
Additionally, experiments conducted using the Llama model revealed issues related to model hallucinations, particularly
the generation of text that is not present in the original sequence.

A different approach is presented in [12]. The authors start from the outputs of several OCRs and combine them using
different language models: three GPT models (GPT, GPT2, GPT2XL) [20] and a 3-gram model trained on Wikipedia.
This method aims to control the generative potential of generative models. Experiments are conducted using both the
original pre-trained models and the fine-tuned models.

In a very recent work [2], an approach based on fine-tuning LLMs using synthetic examples is presented. A character-
level Markov corruption process is applied to the examples to simulate the noise present in the texts.

Our proposal for post-OCR correction is also based on LLMs, but constrains the model’s generation so that the
generated corrections remain close to the original sequence. The main idea of this proposal is partly similar to what is
mentioned in [32] as Controlled Generation: approaches based on the combination of the distribution generated by the
model with some external criterion.

The concept of Constrained Decoding has been applied to various tasks, including the generation of code or SQL
queries [10, 23], as well as the generation of linguistic analyses for texts, such as parsing, semantic role labeling, and
semantic parsing [6, 25]. In these applications, constraints specific to the type of output being generated are checked at
each step of the generation process. Different methods for modeling these constraints include finite-state automata [6]
and grammars [9, 10]. Constrained decoding requires access to model logits during the inference process. This means
that while it can be implemented with open models, it is not feasible with larger commercial models. To address this
limitation, [9] proposes using a commercial model to generate an initial output and then employing a smaller open
model with constrained decoding to enforce specific restrictions on the output.

3 Fine-tuning LLMs

In this section, we describe the overall post-OCR correction pipeline using fine-tuned LLMs. Given an OCR-generated
sequence as input, the model is trained to produce a corrected version that closely matches a human-validated ground
truth. This approach aims to teach the model the linguistic patterns of the domain as well as the typical distortions
introduced by OCR tools in the Berrutti Archive.
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We opted to fine-tune open-source LLMs for the OCR correction task after initial experiments with 2-shot prompting
yielded suboptimal results (the prompt template used in these experiments is provided in Appendix A). The following
subsections describe the training dataset, present the results of the initial fine-tuning experiments, and discuss the
challenges encountered, particularly the tendency of LLMs to produce semantically plausible but incorrect substitutions,
which motivates the need to constrain their generative behavior.

We used a dataset comprising 21,611 lines of text generated from a subset of documents using Calamari OCR, which
was trained on data specific to our domain. For each of these lines, we created the ground truth (GT) using a web
application, as previously described in Section 1. To fine-tune the LLMs, we transformed all pairs of ⟨ OCR output, GT
transcription ⟩ into a string formatted as follows:

### ORIGINAL: {OCR output}

### CORRECTED: {GT transcription}

This format explicitly separates the OCR output (ORIGINAL) and the corrected transcription (CORRECTED), making
it easier for the model to distinguish between the input and target text. We used those examples to fine-tune the Llama
2 model from Meta [29], employing cross-entropy loss as the loss function (the same loss function used during model
pretraining). We explored both the 7 and 13 billion parameter versions to evaluate trade-offs between performance and
resource usage.

For these experiments, we utilized the ClusterUY infrastructure [18], which, during the experiments, consisted of two
servers equipped with NVIDIA A100 GPUs and 28 servers with NVIDIA P100 GPUs. Given our resource constraints, we
were unable to run experiments with models larger than those mentioned previously. Additionally, we employed the
Low-Rank Adaptation (LoRA) technique [14], in which the model weights are frozen, and trainable rank decomposition
matrices are injected into each layer of the model architecture. This method reduces the GPU memory requirements
significantly because a much smaller number of weights are updated.

3.1 Evaluation and Problems

We evaluated the fine-tuned model on a test set of 2,163 ⟨OCR output, GT transcription⟩ pairs. We evaluated the
transcriptions using three metrics:

(1) Ratio: This metric measures sequence similarity by computing 2M/T, where T is the total number of elements
in both sequences and M is the number of matching elements. It is calculated using the SequenceMatcher.ratio
function, provided by the difflib Python library2. The result is a value between 0 and 1, with higher values
indicating greater similarity.

(2) Character Error Rate (CER): This metric computes the Levenshtein distance (the minimum number of single-
character edits needed to transform one sequence into the other) between two sequences. The CER is calculated
by dividing the Levenshtein distance by the length of the longer sequence, ensuring the result lies between 0
and 1. A lower CER indicates better similarity between the sequences.

(3) Word Error Rate (WER): Similar to CER, WER computes the Levenshtein distance but operates at the word level
instead of the character level. The result is normalized by the total number of words in the reference sequence,
yielding a value between 0 and 1. A lower WER indicates fewer word-level errors.

2SequenceMatcher documentation is available here: https://docs.python.org/3/library/difflib.html#difflib.SequenceMatcher.ratio

https://docs.python.org/3/library/difflib.html#difflib.SequenceMatcher.ratio
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We used these metrics to compare the ground-truth transcriptions with the original OCR sequences (baseline), as
well as with the corrected sequences produced by the adjusted models. Table 1 presents the average results for each
metric under three conditions: (1) no corrections applied, (2) corrected using the prompting method with the Llama 2

13B model without fine-tuning, (3) corrected using our fine-tuned Llama 2 13B model.

Method ratio (↑) CER (↓) WER (↓)
Original 0.730 0,314 0,633
Prompting 0.673 0.389 0.687
Fine-tuning 0.727 0.321 0.821

Table 1. Results for prompting and fine-tuning methods.

The results presented in Table 1 indicate that while fine-tuning improved character-level metrics compared to
prompting (Figure 3), the overall performance still fell short of the OCR sequences without correction. Notably, the
Word Error Rate (WER) increased significantly after fine-tuning, suggesting that the model occasionally introduced
considerable errors during the correction process.

Fig. 3. Example of improvements by the fine-tuned model compared with the base model. While the prompting approach fails to
correct the OCR output, the fine-tuned model successfully recognizes the entity “JUNTA DE COMANDANTES EN JEFE”. This military
terminology was clearly captured through domain-specific adjustment to our data. OCR errors are marked with yellow font, soft red
text indicates modified, still wrongly translated text, and green text corresponds to Ground Truth values

We primarily observed that the model tended to replace original words with semantically plausible but incorrect
substitutions. These included synonyms or similar terms that did not align with the ground truth. This behavior
contributed to a higher WER due to mismatches at the word level.

Figure 4 illustrates this type of error, where the word “sediciosa” (seditious) is replaced with “subversivas” (subversive).
Although these words are semantically similar, this type of solution is not suitable for the correction task, where the
aim is to preserve the exact wording of the original text. Furthermore, the fine-tuned model exhibits hallucinations by
generating text that is not related to the source input. Despite this, it generally incorporates domain-specific jargon, as
seen in Figure 5, which features the expression “el anteriormente referido” (the aforementioned), which is a specific
expression from our domain. This example clearly suggests that an approach that emphasizes fidelity to the original
OCR output is necessary.

These problems highlight the need for methods that explicitly incorporate the original OCR sequence into the
decoding process to guide the model during correction. In the following sections, we propose alternative decoding
strategies that use character-level metrics to address this issue.
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Fig. 4. Example of a semantically plausible but incorrect substitution (“subversivas” instead of “sediciosas”). OCR errors are marked
with yellow font, soft red text indicates modified, still wrongly translated text, and green text corresponds to Ground Truth values

Fig. 5. Example of fine-tuned model hallucinations, where the invented text belongs to our domain (“el anteriormente referido”).
OCR errors are marked with yellow font, soft red text indicates modified, still wrongly translated text, and green text corresponds to
Ground Truth values

4 Beam Search with sequence-level similarity

Beam search [11, 26] is a decoding strategy used in probabilistic models, including LLMs, as an alternative to greedy
decoding or sampling decoding. Greedy decoding often fails to produce optimal sequences because it selects the most
probable token at each step without considering future choices, which can lead to missing better overall sequences.

In contrast, beam search explores multiple candidate sequences simultaneously by maintaining a “beam” of the top 𝑘
most promising sequences at each step. During the decoding process, all possible next tokens from the vocabulary are
considered for each of the 𝑘 beams, resulting in 𝑘 ×𝑉 possible extended sequences, where𝑉 is the size of the vocabulary.
Only the 𝑘 most probable sequences are selected after each step to prevent exponential growth and continue expanding.
At the end of this process, the sequence with the highest probability is chosen as the final output. This process generates
a tree-like structure, as illustrated in Figure 6.

As mentioned in the previous section, the fine-tuned model encountered issues, notably the tendency to introduce
semantically plausible but incorrect substitutions when employing a greedy decoding strategy. To address these
problems, we explored the use of beam search with a subtle modification to the standard process.

Once the decoding steps are completed, we evaluate the 𝑘 candidate sequences against the noisy OCR output by using
the Character Error Rate (CER) instead of simply selecting the sequence with the highest probability. The sequence that
has the smallest CER distance is then chosen as the final output.

This approach helps reduce the model’s tendency to replace original words with semantically similar but incorrect
alternatives. By aligning more closely with the original sequence, this method significantly enhances performance, as
demonstrated in Section 6.
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Fig. 6. Toy example illustrating beam search decoding with a beam width of three. Lower-probability branches (e.g., sequences derived
from “acciones” and “actividad”) are pruned to retain the three most promising candidate sequences at each step.

5 Constrained Beam Search with token-Level similarity

Although the previous method improved results across all metrics, the gains at the character level were modest compared
to the OCR sequences. In contrast, the Word Error Rate (WER), which measures errors at the word level, remained
worse than the OCR sequences on average (see Section 6 for details).

Since incorporating the CER distance at the end of Beam Search yielded noticeable improvements, we designed a
Constrained Beam Search method to integrate character-level distance information throughout the decoding process of
each step. Our approach incorporates character-level similarity not only at the end of decoding, but at each step of the
sequence generation process.

The key idea is to guide the language model during decoding by combining its internal token probabilities with an
external signal that measures how closely each partial sequence aligns with the original OCR input. By interpolating
these two sources of information, the model is encouraged to make decisions that preserve fidelity to the input text.

Figure 7 illustrates this process: for each decoding step, the most probable tokens according to the language model
are re-ranked using a similarity metric that compares the candidate partial output with the corresponding fragment of
the OCR input. The result is a dynamic probability distribution that balances fluency and fidelity, effectively restraining
the model’s generative nature. The following paragraphs introduce the necessary notation to explain this method.

We will note the conditional probability of the next token 𝑤𝑖 given the preceding sequence 𝑤1,𝑤2, ...,𝑤𝑖−1, as
provided by the language model, as:

𝑃𝐿𝑀 (𝑤𝑖 |𝑤 𝑖−1
1 )

The probability of a sequence 𝑤1,𝑤2, ...,𝑤𝑛 is then calculated as the product of the conditional probabilities of each
token, given the preceding tokens:

𝑃𝐿𝑀 (𝑤1,𝑤2, ...,𝑤𝑛) =
𝑛∏
𝑖=1

𝑃𝐿𝑀 (𝑤𝑖 |𝑤 𝑖−1
1 )

For correcting the OCR output, we denote the noisy output of the OCR as 𝑠𝑛1 and the corrected sequence as 𝑤𝑚
1 .

In this context, we adapt the notation for the conditional probability of the next token 𝑤𝑖 to explicitly include its
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Fig. 7. Illustration of a step from the Constrained Beam Search (CBS) process. The 𝑘 most probable tokens are selected and used for
generating both 𝑃𝐷 and 𝑃𝐿𝑀 distributions, which are then combined to obtain the final distribution.

dependence on 𝑠𝑛1 :
𝑃𝐿𝑀 (𝑤𝑖 |𝑠𝑛1 ,𝑤𝑖−1

1 )

We propose modifying the probabilities given by the language model at each step of the beam search process to
account for the character-level distance between the generated sequence at that step and the noisy OCR output so far.

To achieve this, we define a probability distribution over the 𝑘 most probable tokens at a given decoding step, denoted
as 𝑃𝐷 . This distribution aims to capture whether a token is likely to be correct by considering only the character-level
distance between the generated sequence (including the candidate token) and the noisy OCR output. The distance is
computed by comparing the generated sequence of 𝑖 tokens, consisting of 𝑗 characters, with the first 𝑗 characters of the
OCR output.

The probability distribution for the next token in the corrected sequence is obtained by interpolating between 𝑃𝐷

and 𝑃𝐿𝑀 , where 𝛼 is a hyperparameter to adjust:

𝑃 (𝑤𝑖 |𝑠𝑛1 ,𝑤𝑖−1
1 ) = 𝛼𝑃𝐷 (𝑤𝑖 |𝑠𝑖1,𝑤𝑖−1

1 ) +

(1 − 𝛼)𝑃𝐿𝑀 (𝑤𝑖 |𝑠𝑛1 ,𝑤𝑖−1
1 )

This interpolated probability is used at each step of the beam search algorithm to adjust the sequence probabilities.
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We apply the method described in the previous section to select the final sequence from the 𝑘 candidate sequences
generated at the end of the decoding process.

5.1 Calculating 𝑃𝐷

To calculate the 𝑃𝐷 distribution, the Ratio metric is employed. As Section 3.1 explains, this metric returns the similarity
between two sequences as a value between 0 and 1. To calculate 𝑃𝐷 (𝑤𝑖 |𝑠𝑖1,𝑤𝑖−1

1 ), the first step is to compute the Ratio
between𝑤 𝑖

1 and 𝑠
𝑖
1, for each candidate token𝑤𝑖 . Assuming we have 𝑘 candidate tokens𝑤𝑖1,𝑤𝑖2, ...,𝑤𝑖𝑘 , we will compute

𝑘 Ratios 𝑟1, 𝑟2, ..., 𝑟𝑘 . After the Ratios are computed, the Softmax function is applied to obtain a probability distribution
between all candidate tokens based on the previously calculated Ratios.

5.1.1 Dealing with close Ratios. Given that the candidate sequences being compared are generally very similar, the
resulting Ratios are often close to each other and typically close to 1. For example, let’s consider the following OCR
output that needs correction (𝑠) and two candidate corrected sequences, 𝑐1 and 𝑐2.

“actividades sodiciosas y haber casado a la clandestinidad.-” (𝑠)

“actividades sediciosas y haber pasado a la clandestinidad.-” (𝑐1)

“actividades subversivas y haber pasado a la clandestinidad.-” (𝑐2)

The resulting Ratios are:
SequenceMatcher(𝑐1, 𝑠) .ratio() = 0.966 (𝑟1)

SequenceMatcher(𝑐2, 𝑠) .ratio() = 0.874 (𝑟2)

When applying the Softmax function, we get:

Softmax( [0.966, 0.874]) = [0.5230, 0.4770]

The resulting probabilities are very close to each other, making the impact of 𝑃𝐷 almost insignificant when the final
interpolated distribution is calculated. However, 𝑐1 and 𝑐2 are rather different sequences, and this method’s objective is
to influence the closest sequence to the OCR output (in this case, 𝑐1). To mitigate this problem, we explored using the
temperature hyperparameter 𝜏 in the softmax function. To do so, we divide the Ratios by 𝜏 , where 𝜏 ∈ (0, 1] amplifies
the probabilities of the closer candidates while diminishing those of the others [15]. When 𝜏 = 1, the probabilities
remain unchanged. As 𝜏 approaches 0, the distribution becomes more concentrated on the closest sequence, assigning a
probability close to 1 to the closest sequence and near 0 to the others. This occurs because smaller values of 𝜏 amplify
the differences between Ratios, and the softmax function tends to assign higher probabilities to higher values and lower
probabilities to lower values.

Continuing with the previous example, applying a temperature of 0.1 results in probabilities [0.715, 0.285]. Reducing
the temperature further, for instance to 0.05, makes the differences even more pronounced: [0.863, 0.137].
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5.1.2 Choosing a value for𝛼 . Aswe already explained, the final distribution is obtained by interpolating the distributions
𝑃𝐷 and 𝑃𝐿𝑀 :

𝑃 (𝑤𝑖 |𝑠𝑛1 ,𝑤𝑖−1
1 ) = 𝛼𝑃𝐷 (𝑤𝑖 |𝑠𝑖1,𝑤𝑖−1

1 ) +

(1 − 𝛼)𝑃𝐿𝑀 (𝑤𝑖 |𝑠𝑛1 ,𝑤𝑖−1
1 )

We explored several methods for choosing the hyperparameter 𝛼 . One straightforward approach is to choose a
constant value for 𝛼 . This value can be adjusted using a validation set. We identified a limitation of this static approach:
we may not always want to assign 𝑃𝐷 the same importance. More precisely, if the LLM is confident in one specific
token over the others (i.e., the probability of a single token is much higher than the others), it would be convenient to
prioritize the original model output even if the distance with the OCR output is high. On the other hand, if the LLM
probabilities are not too conclusive (i.e., there are several tokens with non-negligible probabilities), then it would be
desirable to prioritize the distance.

To better capture the level of uncertainty in 𝑃𝐿𝑀 , we explored using the entropy of the distribution to infer a value
for 𝛼 . In this approach, the value of 𝛼 changes dynamically at each step of the beam search algorithm.

The entropy of the distribution is given by:

𝐻 (𝑃𝐿𝑀 ) = −∑𝑘
𝑗=1 𝑃𝐿𝑀 (𝑤𝑖 𝑗 |𝑠𝑛1 ,𝑤𝑖−1

1 )

log 𝑃𝐿𝑀 (𝑤𝑖 𝑗 |𝑠𝑛1 ,𝑤𝑖−1
1 )

Since a value between 0 and 1 is needed, we normalize the entropy by dividing it by its maximum possible value,
which is log𝑘 . Therefore, 𝛼 is defined as:

𝛼 =
𝐻 (𝑃𝐿𝑀 )
log𝑘

The intuition behind using entropy to define a dynamic value for 𝛼 is based on using the LLM’s confidence as a proxy
for determining the relative importance of each distribution, since entropy measures the average level of uncertainty
inherent in a probability distribution. If the entropy is high, 𝛼 will be close to 1, and more importance will be given to
the distance. If the entropy is low, 𝛼 will be close to zero, and more importance will be given to the LLM probabilities.

In the following section, we present and compare the results obtained using both beam search with CER selection
and the Constrained Beam Search method explained in this section.

6 Results

This section presents the results of all previously described experiments. Subsection 6.1 provides a detailed explanation
of the results obtained on a validation set of 283 examples. It includes the outcomes for all experiments using different
hyperparameter configurations, such as the temperature values and methods for calculating 𝛼 , as discussed in the
previous section. Subsection 6.2 reports the results on the test set described in Section 3.1, using only the best-performing
configuration identified through the validation experiments. Finally, Subsection 6.3 shows some relevant examples of
how the proposed methods improves the OCR output.

6.1 Results over the validation set

We conducted several experiments to select the best options among the alternatives discussed in Section 5. These
experiments varied the transformations applied to the Ratio values (see Section 5.1.1) and the method for calculating
the value of 𝛼 (see Section 5.1.2).
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In addition to using temperature, we explored two alternative transformations for the Ratio values: (1) Multiplying
by 100, raising the result to a fixed exponent 𝑛, and normalizing by dividing by 100𝑛 . (2) Assigning a probability of one
to the highest Ratio while setting all others to zero. For the calculation of 𝛼 , besides using entropy and a fixed value, we
also experimented with a method using only the two largest probabilities, 𝑝1 and 𝑝2, defining 𝛼 as 1 − (𝑝1 − 𝑝2).

Table 2 presents the average results of the Ratio metric, including the counts of examples that improved, worsened,
or remained equal compared to the original OCR sequences, and Table 3 reports the average results for word-level
metrics, including WER, BLEU, and ROUGE. The last five rows in both tables show the results obtained by varying
the temperature between 0.01 and 0.1. The best character-level performance on the validation set is achieved with a
temperature of 0.05.

Based on the results from the validation set, we concluded that the best approach is to use temperature for transforming
the ratios and a dynamic 𝛼 calculated using entropy.

Ratio transform. 𝛼 Ratio (↑) Better Worse Equal
- (No correction) - (No correction) 0.825 0 0 283

- (BS w/CER selection) - (BS w/CER selection) 0.813 127 62 94
None 0.9 0.783 22 231 30

Raise to 10 0.5 0.826 86 110 87
None 1 − (𝑝1 − 𝑝2) 0.833 123 43 117

Most similar 1 − (𝑝1 − 𝑝2) 0.833 107 43 133
Raise to 2 1 − (𝑝1 − 𝑝2) 0.834 117 42 124
Raise to 10 1 − (𝑝1 − 𝑝2) 0.834 117 43 123
Raise to 2 Entropy 0.833 123 39 121
Raise to 10 Entropy 0.835 119 47 117
Temp = 0.01 Entropy 0.835 119 31 133
Temp = 0.03 Entropy 0.837 126 35 122
Temp = 0.05 Entropy 0.838 126 39 118
Temp = 0.07 Entropy 0.835 123 44 116
Temp = 0.1 Entropy 0.835 126 47 110

Table 2. Validation results using Ratio as metric.

6.2 Results over the test set

After selecting the best-performing method using the validation set, we evaluated it on the test set. Table 4 presents
the average results of the Ratio metric, including the counts of examples that improved, worsened, or remained equal
compared to the original OCR sequences. Table 5 provides the same analysis for the CER metric. Finally, Table 6 reports
the average results for word-level metrics, including WER, BLEU, and ROUGE.

The first observation is that both methods improve performance across all metrics compared to the original OCR
sequences without correction. The best results, on average, are obtained with the Constrained Beam Search (CBS)
approach, with a temperature of 0.05, and the entropy-based dynamic method for selecting 𝛼 . It outperforms other
methods in both character-level metrics (Ratio and CER) and word-level metrics (WER and BLEU).

A closer analysis of the improved and worsened examples in the character-level metrics reveals that the Beam Search
(BS) method with final CER selection produces more improved examples than the CBS method. However, CBS reduces
the number of worsened examples and the number of unchanged examples. This observation suggests that the CBS
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Ratio transform. 𝛼 WER BLEU RougeL
- (No correction) - (No correction) 0.486 0.412 0.642

- (BS w/CER selection) - (BS w/CER selection) 0.582 0.482 0.721
None 0.9 0.436 0.284 0.523

Raise to 10 0.5 0.492 0.425 0.659
None 1 − (𝑝1 − 𝑝2) 0.430 0.491 0.702

Most similar 1 − (𝑝1 − 𝑝2) 0.448 0.477 0.692
Raise to 2 1 − (𝑝1 − 𝑝2) 0.433 0.489 0.700
Raise to 10 1 − (𝑝1 − 𝑝2) 0.433 0.489 0.700
Raise to 2 Entropy 0.429 0.494 0.707
Raise to 10 Entropy 0.431 0.490 0.703
Temp = 0.01 Entropy 0.423 0.501 0.714
Temp = 0.03 Entropy 0.414 0.514 0.724
Temp = 0.05 Entropy 0.414 0.515 0.725
Temp = 0.07 Entropy 0.413 0.517 0.730
Temp = 0.1 Entropy 0.414 0.518 0.731

Table 3. Validation results using word level metrics.

Method Ratio (↑) Better Worse Equal
Original 0.730 0 0 2163

Finetuning with Beam Search decoding and CER selection 0.735 1339 547 277
Finetuning with CBS decoding and and CER selection 0.750 1299 462 402

Table 4. Evaluation results using Ratio() as metric.

Method CER (↓) Better Worse Equal
Original 0.314 0 0 2163

Finetuning with Beam Search decoding and CER selection 0.307 1278 588 297
Finetuning with CBS decoding and and CER selection 0.298 1184 533 446

Table 5. Evaluation results using Character Error Rate as metric.

Method WER (↓) BLEU (↑) RougeL (↑)
Original 0.633 0.26 0.505

Finetuning with Beam Search decoding and CER selection 0.776 0.356 0.620
Finetuning with CBS decoding and and CER selection 0.508 0.421 0.615

Table 6. Evaluation results using word level metrics.

method stays closer to the original OCR sequences, lowering recall (i.e., reducing the number of improved examples),
but improving precision (i.e., reducing the number of worsened examples).

Figure 8 shows the distribution of examples across different Levenshtein distances (non-normalized CER), while
Figure 9 presents a KDE plot of CER distances.

Both plots show that the number of perfect or nearly perfect sequences (i.e., low CER distance) doubles with both
methods compared to the original OCR sequences. While BS with CER selection produces slightly more of these
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Fig. 8. Distribution of texts over different Levenshtein distances, using Beam Search and Constrained Beam Search decoding methods
compared with the original noisy output.

Fig. 9. Kernel Density Estimation (KDE) plot of CER distances, using Beam Search and Constrained Beam Search decoding methods
compared with the original noisy output.

high-quality sequences, CBS significantly reduces the number of sequences with large distances, as observed in the
graphs’ tails.

It is important to note that there are many cases where the noise in the OCR sequence is so significant that recon-
structing the ground truth sequence is impossible, even for a human. In such cases, the CBS method typically preserves
the OCR sequence unchanged, whereas the BS with the CER selection method may produce entirely hallucinated
outputs.

Finally, it is worth noting that the CBS method significantly reduces the WER distance. This observation confirms
that CBS effectively mitigates the tendency to introduce semantically plausible but incorrect word substitutions.
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6.3 Qualitative analysis

In this section, we present some additional examples of the impact of applying the methods proposed in this article on
OCR results. Each figure shows, in order, the original image, the OCR output, the changes introduced by the fine-tuned
model (FT), the impact of incorporating Beam Search (BS) and then Constrained Beam Search (CBS), as well as the
human-annotated Ground Truth. We can observe that applying a domain fine-tuned LLM improves the OCR output,
especially by incorporating domain elements (such as proper names or words related to the military jargon typical of
these documents), and how the proposed adjustments to the generation process generally bring this output closer to
the Ground Truth.

In Figure 10, the original scanned text is "DOMICILIO: Pereyra Fuentes.- Fecha Afiliación: 20.1.69"3. The original OCR
has several problems, returning completely unreadable text. Using the fine-tuned LLM, the texts "DOMICILIO:" and
"Fecha de Afiliación:" are correctly recognized. These expressions are highly recurrent in a specific type of document
within our archive, namely cards with structured fields. Additionally, the date is adjusted to the format commonly used
in the corpus. These changes are kept (with slight modifications) when incorporating the beam search procedures.
We can also see that FT+CBS correctly translates the word "Barrio:" (a common continuation of "DOMICILIO:" in the
corpus).

Fig. 10. Example of the LLM based methods improving the OCR output. OCR errors are marked with yellow font, soft red text
indicates modified, still wrongly translated text, and green text corresponds to Ground Truth values

Figure 11 4 shows how fine-tuned LLMs can incorporate domain elements into the transcription: in the early years of
the dictatorship, the president of Uruguay was Juan María Bordaberry, and all the LLM-based models correctly adjust
his surname, as well as several other words in the text. Interestingly, none of the models correct the word “comitivo”

(which does not exist in Spanish), which, in this context, should be “comitiva”, demonstrating that there is still room for
improvement.

In Figure 12 the original text is “Ampliando lo informado en el Parte de Novedades de fecha de ayer, numeral 5” 5 a
phrase that likely appears more than once in the training corpus. Although the OCR output contains several errors, it
can be seen that LLM post-processing, and especially the beam search methods, correct several of the words, almost
completely identifying the text in the Ground Truth.

3ADDRESS: Pereyra Fuentes.- Affiliation Date: 20.1.69"
4Mr. President of the Republic, Mr. Juan María Bordaberry and his entourage.
5Expanding on what was reported in yesterday’s News Report, item 5,



16 Ignacio Sastre, Lorena Etcheverry, Guillermo Rey, Guillermo Moncecchi, and Aiala Rosá

Fig. 11. Example of incorporating domain elements into transcripts. OCR errors are marked with yellow font, soft red text indicates
modified, still wrongly translated text, and green text corresponds to Ground Truth values

Fig. 12. Example of LLM post-processing adjusting several words in the OCR output. OCR errors are marked with yellow font, soft
red text indicates modified, still wrongly translated text, and green text corresponds to Ground Truth values.

7 Conclusions and future work

In this work, we propose amethod for correctingOCR outputs in the challenging domain of complex historical documents.
Since documents contain sensitive information not publicly available, we are restricted from using cloud-hosted models,
which limits our ability to compare results with leading closed-source LLMs.

Our approach combines fine-tuned large language models (LLMs) with a constrained decoding strategy. This strategy
incorporates the character-level distance between the generated sequences and the original OCR sequences at each step
of the decoding process, ensuring a closer alignment with the original text.

We observe improvements when comparing this method to traditional decoding techniques that rely on prompting
and fine-tuning. The results indicate that our approach significantly reduces both the average character and word-level
distances from the ground truth, greatly enhancing the accuracy of the OCR outputs.

In future work, we plan to extend this decoding strategy to multimodal models, such as Llama 3.2, which include
vision capabilities. By integrating image information as additional context alongside the OCR output, we believe it will
be possible to disambiguate sequences that are otherwise nearly impossible to correct.

We hope the findings in this work contribute to the major task of recognition and understanding of historical texts.
The challenges posed by the Berrutti Archive are representative of those faced by many collections of documents of
historical value. Our proposed solution offers a robust approach with potential for broad applicability in the field.
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A Prompt used in the initial prompting experiments

Below we provide an English translation of the prompt used in our initial 2-shot prompting experiments. The original
prompt was written in Spanish, since the OCR correction task was performed on Spanish text.

A.1 System prompt

You will receive a passage from a text produced by an OCR system and therefore containing noise.

Your task is to return the same text while correcting the noisy parts. Text that does not make sense

should be removed, and spelling mistakes should be corrected by approximating standard Spanish usage.

Process the full excerpt, from beginning to end, until the final closing quotation mark.

A.2 Few-shot format

The prompt included two user–assistant demonstration pairs. We show below the structure of the context as presented
to the model.

First user message

— EXTRACT 1 —

### ORIGINAL:

"{OCR_input_example_1}"

First assistant message

### CORRECTED:

"{ground_truth_example_1}"

Second user message
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— EXTRACT 2 —

### ORIGINAL:

"{OCR_input_example_2}"

Second assistant message

### CORRECTED:

"{ground_truth_example_2}"

A.3 Final input message

After the two demonstration pairs, the OCR output to be corrected is appended as a third user message, following the
same format as the previous user messages.

Third user message

— EXTRACT 3 —

### ORIGINAL:

"{OCR_output}"
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