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Abstract. Writer recognition involves analyzing handwritten documents
with respect to the identity of the writer. Although automated methods
can achieve strong benchmark results, their lack of interpretability limits
practical adoption, particularly in settings where trust and verifiability
are critical.

To address this challenge, we propose a novel framework grounded in
character-level analysis. At its core is Vectors of Locally Aggregated
Characters (VLAC), a feature aggregation method that fuses the aligned
outputs of a feature extractor and a feature annotator network. By ag-
gregating local features on a per-character basis, VLAC provides the
backbone for computing verifiable character-wise distances, thereby en-
hancing interpretability and trustworthiness.

We extensively evaluate the proposed framework on two contemporary
datasets (CVL and IAM) — achieving new state-of-the-art retrieval results
on CVL — as well as a historical dataset (Hist-WI). Our method does
not only perform well, but also facilitates interpretable insights into the
decision process, paving the way for broader acceptance in practical and
forensic applications.

1 Introduction

Writer recognition is the task of analyzing handwritten documents with respect
to the identity of the writer. It encompasses several related subtasks:

— Writer retrieval aims to retrieve all documents written by the same writer
as a given query document from an unlabeled corpus, where the identities
of the writers are unknown (neither as personal information nor as abstract
writer IDs).

— Writer identification compares a query document against a labeled corpus,
where writer identities are known. The goal is to assign a writer ID to the
query document, either via supervised classification or by treating the task
as retrieval and assigning the highest-ranked writer identity.

— Writer verification considers a pair of documents and determines whether
they were written by the same hand.
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These tasks share common methodologies, and our approach is applicable across
them without being restricted to a specific subtask.

In recent years, the demand for interpretable AI methods has grown across
various domains, including writer recognition. Automated methods achieve high
accuracy on benchmark datasets, but their real-world applicability is often
hindered by a lack of interpretability. The widespread acceptance depends on the
ability to interpret and verify results in a human-understandable manner. This
is equally true for forensic experts in legal proceedings as it is for paleographic
experts analyzing historical manuscripts.

In this work, we address the interpretability limitations of existing meth-
ods by grounding our approach in the analysis of semantic units — specifically,
characters. By aggregating local features at the character level, we decompose
document distances into character-wise distances, enhancing transparency and
interpretability.

To achieve this, we employ two parallel neural networks: a feature extractor
and a feature annotator. By aligning their outputs, we obtain character-annotated
features, which are subsequently aggregated per character using our novel Vectors
of Locally Aggregated Characters (VLAC) encoding. The distance between
two documents is then computed as the mean cosine distance over these character-
wise representations.

Our key contributions are:

1. We introduce VLAC, a novel character-aware feature aggregation method
that enhances interpretability while maintaining a strong performance.

2. We achieve state-of-the-art performance on the CVL dataset, containing
contemporary handwriting.

3. We demonstrate the robustness of our method by evaluating it on a historical
document dataset, achieving promising results.

The remainder of this paper is structured as follows. Section 2 reviews related
work on writer recognition. Section 3 details the components of our approach.
Section 4 describes the evaluation protocol, including metrics, datasets, and
implementation details. Section 5 presents qualitative and quantitative evaluations
of our method. Section 6 summarizes our findings and outlines directions for
future research.

2 Related Work

Methods for writer retrieval generally follow a common set of stages, namely
(1) local feature extraction, (2) feature aggregation and finally (3) distance
computation.

Local Feature Extraction. Extracting local features is either done using hand-
crafted features or deep learning-based features. Examples of handcrafted features
used for writer recognition are SURF [13], Zernike moments [3], sparse radial
LBP [25] or a combination of SIFT and Pathlets [19]. In recent years, the trend
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Fig. 1: Illustration of the proposed feature aggregation. Two models are employed
in parallel to perform handwritten text recognition (HTR) and to extract local
features. By enforcing a one-to-one correspondence between local features and
character predictions, the local features can be aggregated by character into the
VLAC encoding. Not all characters are encoded, but only those belonging to
a refined alphabet A*, here chosen arbitrarily as {a, e, i, m, n, t}. Note: For
visualization purposes only one text line is shown. In practice, local features from
all text lines associated with a document are aggregated.

has shifted towards deep learning-based features, learned either by supervised
training [10] or self-supervised approaches, such as predicting the cluster index of
SIFT descriptors [5], masked image modeling [29, 32], or instance discrimination
[26, 32]. While for contemporary data, the use of supervised approaches performs
well, on historical datasets self-supervised approaches are dominant.

Feature Aggregation. Feature aggregation composes a document-level descriptor
from the extracted local features. The most basic form of aggregation is to
directly pool all features (e.g., using sum-pooling). Better performance is usually
achieved with a codebook-based feature aggregation. Several such methods have
been explored for writer recognition, such as GMM supervectors [4] or Fisher
Vectors [9]. However, Vectors of Locally Aggregated Descriptors (VLAD) [14] is
the most commonly used, with a range of proposed adaptations: Some methods
use several jointly decorrelated VLAD encodings [3,19] while others include a
NetVLAD layer[1] into the feature extraction network[24, 27,28, 31], and then
apply sum-pooling.

Distance Computation. Several distance metrics have been explored in [27].
However, it is most common for methods to use cosine distance. A commonly
adopted strategy that has been shown to improve retrieval results is reranking
after initial distance computation. Popular examples for reranking methods in
the context of writer retrieval include k reciprocal nearest neighbor reranking [15,



4 T. Raven et al.

31] or graph based reranking using parameter-free message propagation graph
networks [28].

Interpretability The authors of [26] investigate the self-attention of different
attention heads of a Vision Transformer (ViT) [7] to identify which head attends
to which characteristics of the handwriting. The learnable typewriter [34] learns
to reconstruct text lines from a set of learned sprites. By fine-tuning on individual
documents, it can highlight deviations in the typical appearance of a character.
In [12] a software tool is presented that can help paleographers by visualizing the
similarity of image regions to a given template. Finally, while not interpretable,
in [30] a character-level writer retrieval method is presented that only extracts
features from certain characters, based on human expert annotations.

3 Method

The core idea of our method is to aggregate local features per-character. This way,
the overall distance between two documents can be interpreted via character-wise
distances. First, we use a decoder-free HTR model to identify which characters
appear in each text line and where they are located (see Section 3.1). In parallel,
we extract local features via a ViT, enforcing a one-to-one correspondence between
extracted local features and character predictions (see Section 3.2). We then
introduce Vectors of Locally Aggregated Characters (VLAC) in Section 3.3, a novel
method that groups local features by their predicted character and aggregates
them using residuals from global character prototypes. Finally, we compute the
distance between two documents by averaging character-specific similarities (see
Section 3.4).

3.1 Character Recognition and Localization

To generate a representation that is sensitive to individual characters, it is
essential to know both which characters occur in a text line and where they are
located. We achieve this by employing a decoder-free Transformer model O 75,
inspired by the work in [21].

Input Preprocessing and Tokenization. Each input text line is resized to a fixed
dimension of 512 x 64 pixels. A modified ResNet-18 is used for patch embedding,
with adjusted strides to partition the text line into 128 tokens. Each token
corresponds to a vertical slice of size 4 x 64 pixels.

Character Prediction. In a single forward pass, the model outputs a sequence
of characters ¢; ; € AU {e}, where A is the set of viable characters and € is a
blank token indicating no character. For a document v consisting of N text lines
l1,...,ln, the model produces:

Onurr({l1,--,In}) ={ci; |1 <i <N, 1 <5 <128} (1)

The model is trained in a supervised manner using the Connectionist Temporal
Classification (CTC) loss [11] (see details in Section 4.3).
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Considerations for Model Choice. Many HTR methods use autoregressive encoder-
decoder models. In contrast, we use a decoder-free model that predicts the entire
output sequence in a single forward pass. We find that this type of model has
several advantages for our use-case.

An issue with commonly used autoregressive encoder-decoder models such
as TrOCR [20] is their tendency to hallucinate when encountering data that
is not covered by the training material (for instance, a different language or
writing style). Examples for these hallucinations include over-generation of tokens
(repeating a character or even a word several times) or spurious outputs where
the model produces an entirely different word. The decoder-free Transformer
model we use is not autoregressive and produces the entire output sequence in a
single forward pass. This mitigates error accumulation during the generation and
results in more grounded predictions.

Additionally, each predicted character is directly associated with a specific
image region. This eliminates the need for further localization steps, such as
analyzing the encoder-decoder attention.

3.2 Feature Extraction

To facilitate the aggregation of local features, we extract a feature vector corre-
sponding to each output token of Oy 7x.

Local Feature Extraction. We employ a Vision Transformer (ViT) model, denoted
by O, with a patch size of 4 x 64 pixels, matching the downsampling factor
of Oy71r. In line with the approach in [32], we discard the class token of the
ViT and instead use the final patch tokens as local features. This yields a one-to-
one correspondence between the extracted local feature x; ; and the predicted
character ¢; ; for each token, as shown in Fig. 1. Formally, for a document with
N text lines, we define:

Or(l1,. . In) = {xi; |1 <i< N, 1<j <128} (2)

The ViT is trained in a self-supervised manner using AttMask [17] (see Section 4.3
for implementation details).

3.3 Feature Aggregation

We introduce a novel aggregation method, Vectors of Locally Aggregated Charac-
ters (VLAC), which produces a document-level representation by aggregating
character-specific features. An illustration is given in Fig. 1.

Character-wise Feature Grouping. Given the one-to-one correspondence between
local features and character outputs, we group the features by their corresponding

character. For a document v and a character ¢, let:

Xv,e = {Xiﬂ* | Ci,j = C}. (3)
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Global Character Prototypes. For each character ¢ € A, we compute a global
prototype p. that represents its typical appearance in the training dataset V.
Let n. denote the total number of features annotated as ¢ across V. The global
prototype is then computed as:

pe= 3 3 x (1)

VEV XEXy e

Residual Aggregation. To capture document-specific deviations, we aggregate the
residuals of the local features relative to the corresponding global prototype. For
each character ¢ in document v, the aggregated representation is defined as:

Buo=0( Y (x—n), (5)

XEXy, e

where the f5-norm ensures that each character representation is independent of
how often it occurs in the document.

Character Selection. To improve discriminability, we retain only those characters
that contribute effectively to the retrieval task. For each character ¢, let mAP,
denote the mean Average Precision (mAP) obtained when using &, . as the
document descriptor over the training set. We define a relative threshold 7 to
form a refined alphabet

A" ={c|ce Aand mAP, > 7 - max(mAP,)}. (6)

The VLAC descriptor for document v is the collection of the selected character
representations:

&, = {®, |cea}. (7)

3.4 Distance Computation

Given two documents ¢, v, we first compute the character-wise cosine distances for
each character ¢ € A*. As the character representations are already ¢s-normalized,
the cosine distance for character c is

de(q,v) =1 =Dy .- Py . (8)

The distance between the two documents is then given as the average character-
wise distance:

d(q,v) = ﬁ S dulg0). (9)

ceA*



Interpretable Writer Recognition via VLAC 7

4 Evaluation Protocol

This section provides an overview of how we evaluate our proposed method. First,
in Section 4.1, we cover the different metrics used to assess the performance for
different writer recognition tasks. Second, in Section 4.2, we cover the datasets
used in our experiments and the preprocessing applied for each dataset. Finally,
in Section 4.3 we specify the implementation details used for our experiments
unless stated otherwise.

4.1 Metrics

We evaluate our method through a leave-one-out cross-validation, where each test
document serves exactly once as the query . For practical reasons, if a writer
contributed only a single document to the dataset, that document is excluded
from the query set. We compute the cosine distance between the query and each
remaining document, ranking them by their distance such that the highest ranked
document is the document with the lowest distance. The following metrics are
reported:

— Retrieval (mAP): We measure retrieval performance by the mean Aver-
age Precision (mAP), which evaluates how well the method ranks relevant
documents ahead of irrelevant ones.

— Identification (Topl): For identification, we use the Topl accuracy, i.e.,
the fraction of queries whose highest-ranked document was written by the
same writer as the query.

— Verification (EER): We measure verification accuracy by the Equal Error
Rate (EER), the point where false acceptance and false rejection rates are
equal.

4.2 Datasets

We conduct experiments on three datasets: CVL [18], IAM [22], and Hist-WI [8].
Table 1 provides an overview of key statistics for each dataset.

Partitions. For CVL and Hist-WI, we use the official training and test splits. In
contrast, IAM does not have widely adopted splits for writer recognition; hence
we follow the Aachen split, using its training subset for model training and the
remaining documents for testing.

Line Segmentation. Our method operates on text line images. IAM and CVL
datasets include pre-segmented text lines, which we use directly. Hist-WI pro-
vides only full-page images, so we segment each page into text lines using
Transkribus [16].

Binarization. For CVL and TAM, we apply Sauvola thresholding [33] to binarize
the segmented text lines. For Hist-WI, we use the provided binarization.
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Table 1: Overview of the datasets used for evaluation, showing the number of
pages and writers, the distribution of pages per writer (P/W), the contained
languages, and the dataset style.

Dataset Partition #Pages #Writers P/W Languages Style

CVL [18] train 189 27 7 Eng., Ger. contemporary
test 1415 283 5 99 7

IAM [22] train 747 283 1-59 Eng. contemporary
test 792 375 1-10 ’

Hist-WI [8] train 1182 394 3 Lat., Fr., Ger. historic
test 3600 720 5 » ”

4.3 Implementation Details

Feature Extraction. To train the feature extractor O we use AttMask [17],
following the proven success for writer retrieval in [32]. We adjust the random
resized crop augmentation and only crop in the width direction to achieve the
desired scale ([0.4, 1] for global crops, [0.05,0.4] for local crops), before resizing to
512 or 128 pixel width for global and local crops respectively. © ¢ is a standard
ViT-small, except the patch size being 4 x 64. We use the training split of Hist-WI
and train for 1600 epochs on the roughly 37k extracted text lines with batch size
128, cosine learning rate peaking at 2.5e — 3 after 160 epochs of linear warmup.
In line with previous research [31,32], we use a common model for all datasets.

Handwriting Recognition. To train Oy7r, we use the default training recipe
proposed in [21] without any adjustments. We employ four Transformer layers
with a feature dimensionality of 384. A linear layer maps to the output alphabet
of size 80. We train on the IAM training split as outlined in the previous section.
We use the same model for all datasets.

Feature Aggregation. We choose a relative threshold for character selection as
7 = 0.8 but categorically exclude blank tokens and whitespaces.

Postprocessing. In related work, some form of postprocessing such as PCA and
reranking is applied to the final representation. We skip postprocessing by default
as it would harm the character-level interpretability. However, as part of our
evaluation we investigate the performance of potential postprocessing. In these
cases, we use 256 components for the PCA and kRNN reranking with k& = 3.

5 Experiments

In this section, we present a comprehensive evaluation of our method. First,
in Section 5.1, we demonstrate that our CTC-based HTR model is capable
of simultaneously recognizing and locating characters. Second, in Section 5.2
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Fig.2: Visualization of the output alignment of ©47r. Each output token
corresponds to a 4 x 64 pixels slice of the input image. The red bars indicate
tokens where a character was predicted (omitting whitespaces). The predicted
character is given below the text line. Blank outputs are indicated as _". We
observe that the character predictions are well aligned with the actual position
of the character in the text line.

we compare our novel VLAC encoding to established encodings in different
configurations. Third, in Section 5.3, we ablate the components of VLAC to
identify the effect on overall performance. Fourth, in Section 5.4, we inspect the
character selection step in more detail. Finally, in Section 5.5, we compare the
results of our method against prior work.

5.1 Character Recognition and Localization

We use a CTC-style model O37r to jointly predict and locate characters. To
verify that mapping the token index back to the original image space yields an
accurate localization of the character, we plot some sample text lines in Fig. 2
with the corresponding character predictions and localizations. The red vertical
bars indicate where a non-blank output was generated. Although we cannot
conduct a quantitative analysis because of the lack of character-level annotations,
these qualitative results show that the approach works well to implicitly learn a
character localization. Our model achieves a character error rate (CER) of 4.9%
on TAM and 14.2% on CVL. For Hist-WI we cannot compute the CER, as no
ground truth annotations are available.
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Table 2: Comparison of different encoding strategies. For each encoding, we
compare three cases: 1) no postprocessing, 2) PCA whitening fitted on the
training set, 3) PCA whitening fitted on the test set followed by kRNN reranking.

IAM CVL/(test) Hist-WI
Encoding Toplt mAPt EER| Toplt mAPt EER| Toplt mAP{ EER]
Sum 962 961 1.3 977 914 31 800 59.1 156

+PCA 96.7 96.8 1.2 98.2 93.7 24 87.8 73,5 121
+Rerank 92.8 944 1.0 99.1 986 0.5 86.1 76.7 10.7

VLAD 974 974 1.2 98.3 935 26 87.6 T1.2 12.0
+PCA 974 974 0.9 97.6 929 2.5 89.5 773 11.2
+Rerank 90.2 93.6 0.7 994 991 04 89.0 80.8 10.4

VLAC 98.1 97.8 0.9 99.3 96.3 2.1 87.3 70.5 122
+PCA 98.1 98.1 0.3 979 956 1.5 89.1 76.8 11.7
+Rerank 91.1 943 04 99.8 99.7 0.1 88.8 80.7 10.5

5.2 VLAC

In this section, we compare VLAC with two well-established encoding methods
for writer recognition: sum-pooling and VLAD. For VLAD, we use a codebook of
size 50 and apply power normalization (p = 0.5). Both VLAD and sum-pooling
encode all extracted local features, regardless of their feature annotation. The
results are presented in Table 2.

A common approach to improving writer retrieval performance is the use of
PCA whitening and reranking. To account for this, we evaluate three configura-
tions:

1. The raw feature vector obtained from the encoding,

2. The feature vector with PCA whitening fitted on the training set,

3. The feature vector with PCA whitening trained on the test set, combined with
kRNN reranking. Note that reranking requires access to the entire dataset,
so it is consequential to fit the PCA whitening on the test set in this case.

On both contemporary datasets (IAM and CVL), VLAC consistently outperforms
VLAD. The improvement is particularly pronounced on CVL, where VLAC
improves Top1l accuracy by 1.0%, mAP by 2.8%, and reduces the EER by 0.5%.

Interestingly, reranking significantly degrades performance on TAM, regardless
of the encoding method. Similar behavior was observed in preliminary experiments
with other reranking techniques, indicating that the issue is not specific to kKRNN
reranking but rather a more general effect. One possible explanation is the
imbalance in the number of pages per writer.

On Hist-WI, VLAC performs slightly worse than VLAD in all three configura-
tions. Given the focus on interpretability, the results are still within a reasonable
margin, sacrificing less than 1% mAP, Topl and EER.
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Table 3: Ablation Study investigating the influence of different VLAC design
choices: Proto indicates whether residuals between local features and character
prototypes are aggregated rather than directly aggregating the local features,
Norm indicates a character-wise {5 normalization of the aggregated character
representations, Select indicates whether only a refined set of characters was
compared rather than all characters. All results are given in %.

IAM CVL/(test) Hist-WI
Proto Norm Select Toplt mAP1 EER] Toplt mAPt EER] Toplt mAPtT EER]

96.0 953 1.8 96.2 816 7.8 75.1 52.8 18.3

v 96.4 956 3.0 96.8 88.3 6.3 78.6 57.8 15.1
v 92.1 90.2 4.7 34.8 255 121 771 56.0 15.6

v 976 971 1.7 94.8 844 4.0 85.6 67.2 149

v v 98.1 979 13 95.5 889 4.0 87.0 70.9 12.0
v v 98.0 97.7 0.9 98.3 946 3.2 87.2 70.7 12.6

v v 98.1 97.7 1.7 99.3 96.1 2.0 85.8 674 15.2
v v v 98.1 97.8 0.9 99.3 96.3 2.1 87.3 70.5 122

5.3 Ablation Study on VLAC

In this section, we systematically evaluate the influence of various design choices
in VLAC. Our analysis focuses on three key components: (1) aggregating residu-
als between local features and their corresponding character prototypes instead
of directly aggregating the raw local features, (2) applying character-wise (o
normalization to the aggregated residuals (or features), and (3) restricting the
aggregation to a subset of characters via a character selection step. When the
{5 normalization is omitted, we concatenate the character representations and
compute the cosine distance directly. In total, we assess all eight possible combi-
nations of these components across three different evaluation metrics, with the
detailed results presented in Table 3.

For our baseline, we consider the scenario where none of the additional
processing steps are employed. Compared to this baseline, the introduction of the
character prototype aggregation and the character selection step—when applied
in isolation—yields notable performance improvements. In contrast, applying
character-wise normalization on its own leads to a significant performance drop
on the IAM and CVL datasets, although it proves beneficial on Hist-WI.

Combining any two of the processing steps results in strong synergistic effects,
often surpassing the performance gains observed when each component is applied
independently. Notably, the combination of character-wise ¢ normalization and
character selection consistently enhances performance across datasets, suggesting
that these two steps effectively complement each other. The full integration of all
three components delivers the most robust and balanced results, even if it does
not always deliver the best results.
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Fig. 3: Evaluation of character selection strategies. In (a) we include all charac-
ters for which mAP, exceeds a threshold 7 on the training set. A very stable
performance is observed, indicating the exact choice of 7 is not critical. In (b) we
include the n highest-ranking characters. The blue line (left axis) indicates the
test mAP, whereas the red line (right axis) indicates the ranked single-character
mAP (training set). The dotted lines highlight that the choice of cutoff perfor-
mance has limited effect on the set of retained characters, thus explaining the
robustness to varying 7.

5.4 Character Selection

As highlighted by the analysis in the previous section, the character selection step
can be essential to achieve robust results. During character selection, we retain
only characters within a factor 7 of the best single-character performance. To
validate this strategy, we evaluate the overall performance at various threshold
levels. We focus on the CVL dataset as the influence of the character selection was
most noticeable here (see Table 3). We plot the results in Fig. 3a. The influence
on performance is minimal. For 7 € [0.2,0.8] results are almost equal.

To gain more insight into the results, we incrementally add characters in order
of their single-character performance. In Fig. 3b, we plot the performance on the
test set when using the n highest-ranked characters, as well as the respective
single-character performance of the character at rank n (measured on the train
set). As indicated by the dotted lines, the exact choice of cutoff performance has
little influence on the set of retained characters. The single-character performance
rapidly deteriorates between indices 12 (mAP,. = 85.7%) and 25 (mAP.. = 14.6%).
Thus, varying 7 has limited impact on the set of retained characters.

Analysis of character utility. As part of the character selection step, we analyze
the utility of a character ¢ via the single-character retrieval performance mAP,.
In Fig. 4 we plot mAP. as a function of the normalized character count on
the different training datasets. The results show that infrequent characters are
not suited for discrimination. Interestingly, sufficiently frequent characters tend
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Fig. 4: Analysis of character utility. The horizontal axis shows the normalized
count relative to the most frequent character in the dataset. The vertical axis
represents the single-character mAP obtained with only this character. For
sufficiently frequent characters, no strong correlation between frequency and
performance is observable. Note: Due to the CTC-style of our model, there can
be multiple features extracted for one occurrence of a character.

to perform comparably well regardless of how often they occur. An especially
prominent case is the character ‘m’, which is among the highest-ranked characters
in both Hist-WI and CVL despite occurring less frequently than many lower
ranked characters. Surprisingly, this does not hold for TAM, highlighting inter-
dataset variations.

5.5 Comparison with State of the Art

In this section, we compare our results with established methods. We only consider
Topl accuracy and mAP as previous methods have not computed the EER.

CVL. The results are shown in Table 4. We achieve new state-of-the-art retrieval
performance on CVL, outperforming previous methods by more than 1.0% mAP.
This is especially impressive as the baseline performance is already very high with
98.6% mAP. However, this also highlights the need for more difficult benchmarks
as further improvements are near impossible.

IAM. While other methods have been evaluated on TAM, they did not use a
common dataset split [2], and often only consider a subset of the documents (e.g.
two documents per writer).
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Table 4: Comparison with the state- Table 5: Comparison with the state-

of-the-art on CVL. RR indicates of-the-art on Hist-WI. RR indicates

whether reranking was applied. whether reranking was applied.

* in [23] the entire dataset is used Method RR Topl mAPt

for evaluation rather than just the

test set. Christlein et al. [5] 88.6 74.8
Peer et al. [28] 88.5 734

Method RR ToplT mAPT Raven et al. [32] 91.9 82.6

Mohammad et al.[23] 99.8" - Ours 873 1705

Christlein et al. [6] v’ 995 984

Rasoulzadeh et al. [31] v 99.2  98.6 Peer et al. [28] v 91.1  80.6

Raven et al. [32] v 994 986 Raven et al. [32] v 909 83.1

Ours v 99.8 99.7 Ours v 888 80.7

Hist-WI. As shown in Table 5, our results on Hist-WI fall short of established
methods. The results are still promising given the upside of interpretable results.

6 Conclusion

In this paper, we presented VLAC, a novel feature aggregation suitable for
interpretable writer recognition. By aggregating local features on a character
level, the overall distance between two documents can be expressed in terms of
individual characters. This allows experts to potentially interpret and verify the
results.

In our experiments, we showed that VLAC is a very powerful encoding
for writer recognition, achieving robust results on several datasets. Especially
on contemporary datasets, where the HTR results are very reliable, VLAC
outperforms other encodings. We showed that when including a reranking step,
our method achieves state-of-the-art retrieval performance while also achieving
near perfect Topl accuracy (99.8%) and EER (0.1%). On the IAM dataset, we
also achieve very strong results. On the historical Hist-WI dataset, our results
fall short of other methods. On the one hand, this may be due to insufficient
HTR performance. Training on IAM and evaluating on Hist-WI is a significant
domain shift, both in terms of script type as well as the featured languages. With
a more suitable training set for the HTR task, the performance of VLAC would
likely improve. On the other hand, even when using VLAD our results fall short
of those reported in [32] despite a very similar feature extraction. This may be
related to us extracting fewer descriptors, or to us working on line level, or to the
different tokenization using vertical stripes rather than patches. More research is
needed in this direction.

Our work also opens up many other avenues for further research. Firstly,
other mechanisms for feature annotation could be explored, for instance, based
on the cross-attention of an encoder-decoder model. The alignment is more
difficult in this setting, but it would allow for greater flexibility with respect
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to the tokenization process. Secondly, it may be possible to unify the feature
extraction and HTR models into a single model, potentially trained end-to-end
for transcription and writer recognition. Finally, our results highlight the need
for more challenging benchmarks for writer recognition tasks on contemporary
data.

On a different note, future research is also needed in terms of practical

application of VLAC. Our results have primarily been focused on an empirical
level. More work is needed to verify that the computed character-level distances
align with the judgment of human experts.
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