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Abstract. We introduce FormWR, a challenging large-scale dataset for
writer retrieval and a supervised end-to-end full-image retrieval method us-
ing a novel learnable feature aggregation module, X-VLAD. FormWR con-
tains almost 400k pages of application-for-assistance forms attributed to
almost 100k distinct writer proxies. Documents are dominated by printed
templates, and further reflect real-world uncertainty through multi-hand
contamination and pages with sparse handwriting. Our model jointly
trains a feature extractor and aggregator. It is pretrained on sets of 32 x 32
handwriting-centered patches and then fine-tuned on full-page images. We
report a comprehensive large-scale evaluation on FormWR. Further, we
demonstrate transfer to fragment-level retrieval on the HisFragIR20 com-
petition benchmark. We achieve new state-of-the-art performance with
97.9% Top-1 accuracy and 78.8% mAP, improving both metrics by large
margins (+12.7% Top-1 and +21.6% mAP). Dataset and code are avail-
able at https://github.com/Travenl6/writer-retrieval-at-scale.
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1 Introduction

Writer retrieval is the task of searching a collection (gallery) of handwritten
documents for those authored by the same writer as a given query sample.
It supports applications in historical research and forensic document analysis,
including tracing individuals across epochs, verifying authorship, and organizing
large document collections.

In related retrieval and identification tasks (e.g., face recognition, speaker
verification, and visual place recognition), substantial progress over the last decade
has been driven by supervised embedding learning (metric learning or margin-
based classification objectives) [9,37,41] and, for inputs represented as sets or
sequences of local descriptors, by learned pooling/aggregation mechanisms [1,26,
40]. In contrast, recent writer-retrieval systems are predominantly label-free, and
supervised variants are often reported only as baselines that trail unsupervised
approaches [5,30, 36].

We argue that a key bottleneck is dataset scale. For instance, Historical-
WI [11], one of the most widely used benchmarks, contains 1,182 training pages
attributed to 394 writers (three pages per writer). Such regimes encourage
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Fig. 1: Sample pages from FormWR. Zoom in for details.

methods that rely on strong inductive biases or pretraining, but make it difficult
to exploit supervision effectively.

To address this gap, we introduce FormWR, a benchmark for writer retrieval at
scale, see Fig. 1 FormWR is constructed from over 100k distinct Applications for
IRO Assistance from the CM/1 corpus of the Arolsen Archives'. We decompose
each application into its constituent pages and define retrieval over pages: given a
query page, the task is to retrieve other pages belonging to the same application.
Since these forms are primarily filled out by the applicant, application membership
serves as a practical proxy for writer identity, while naturally capturing real-
world uncertainty (e.g., later annotations by third parties). After semi-automatic
curation, the resulting dataset contains around 387k pages, split into roughly 95k
pages for training/validation and 290k pages for testing, making it an order of
magnitude larger than prior benchmark test sets.

! https://collections.arolsen-archives.org/en/archive/3-2-1
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Fig. 2: Overview of the proposed method. For the initial training stage, hand-
writing masks are used to crop P handwriting-centric patches, which are then
separately embedded. X-VLAD employs N parallel heads to obtain a fixed-length
document representation. Each head projects local features into a low-dimensional
subspace and applies a lightweight selection module that softly assigns each fea-
ture to either keep or one of g bin (discard) modes. The head output is the
weighted pooled feature of the keep mode. In the second stage, full images are
directly embedded. The final feature map is extracted, flattened and encoded
with X-VLAD.
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Beyond scale, FormWR introduces challenges that are underrepresented
in existing benchmarks: (1) multi-hand contamination, where parts of a page
may be written by other individuals during the application or archival process;
(2) template dominance and other distractors (machine-printed backgrounds,
tables, stamps) that can overwhelm handwriting cues; and (3) highly variable
handwriting density, ranging from sparse field entries (e.g., name, date of birth)
to longer free-text responses.

To tackle these conditions, we propose X-VLAD, a supervised end-to-end
aggregation module designed for template-dominated documents with sparse
handwriting, see Fig. 2. X-VLAD employs NN parallel heads, each operating in its
own learned subspace. This decouples selection from multi-centroid competition
and allows heads to specialize on complementary aspects of the local feature
distribution. We train the model on sets of 32 x 32 handwriting-centered patches
and optionally fine-tune on full pages. In contrast to prior patch-based pipelines
for writer retrieval that operate on individual patches [5,29,30,35], we explicitly
learn set-level aggregation during initial training by jointly aggregating P patches
per sample.

Our contributions are:

1. We present FormWR, a new large-scale benchmark for writer retrieval that
increases collection size by roughly an order of magnitude over prior bench-
marks and introduces realistic challenges such as multi-hand contamination
and strong template dominance.
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2. We introduce a supervised end-to-end methodology for writer retrieval built
around a learned feature aggregator, X-VLAD, tailored to the conditions
posed by FormWR.

3. We transfer our method to HisFragIR20 [38], a challenging benchmark for
writer retrieval on historical document fragments, and substantially outper-
form prior work (+12.7% Top-1, +21.6% mAP).

We introduce FormWR in Section 3 and describe its design choices and curation
pipeline. Section 4 presents our end-to-end retrieval model and X-VLAD aggre-
gation. Section 5 reports results and ablations, including a scaling study to the
full benchmark. In Section 6 we transfer our method to HisFragIR20. Finally,
Section 7 summarizes findings and outlines directions for future work.

2 Related Work

2.1 Datasets and evaluation regimes

Early writer retrieval and identification benchmarks are largely based on con-
trolled modern corpora, such as IAM [24] and CVL [20], and standardized
evaluations like the ICDAR 2013 writer identification competition [23]. More
challenging regimes emerged from historical material, including the ICDAR2017
Historical-WI competition [11], the ICDAR 2019 historical document retrieval
benchmark [7], and fragment-level retrieval in HisFragIR20 [38]. Recent analy-
ses show that retrieval performance depends strongly on available handwriting
quantity (page vs. line/word) [32]. FormWR targets a complementary regime:
modern form archives where writer signal can be sparse relative to strong printed
structure and other distractors while also scaling up gallery size.

2.2 Set aggregation for retrieval

Scalable retrieval requires mapping a variable-size set of local descriptors to a fixed-
length embedding. Bag-of-Words [39] is efficient but discards residual information;
Fisher Vectors [33] and VLAD [17] improve discrimination by aggregating residual
statistics. NetVLAD makes VLAD differentiable via soft assignments for end-to-
end learning [1], while GhostVLAD introduces discard clusters for low-quality
descriptors [45]. GeM provides a compact learnable pooling operator without
explicit descriptor filtering [34]. Recent work refines assignment/selection (e.g.,
optimal-transport aggregation with a dustbin) [16], and SuperVLAD shows
that aggressively reducing clustering complexity can improve robustness and
compactness [10]. These methods can be viewed as permutation-invariant set
functions [43,44]; our X-VLAD follows this line with lightweight selection tailored
to sparse-handwriting pages.

2.3 Writer retrieval methods

Classical pipelines combine local descriptors with explicit encodings and ranking.
Examples include Fisher Vector aggregation [12], GMM supervectors [4], and
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VLAD-style encodings of handcrafted features [3,21], with further gains from
re-ranking [19]. Deep approaches learn descriptors directly from image data [13]
and can still benefit from classical encoders applied to learned activations [6].
For historical documents, unsupervised surrogate-class feature learning has been
explored [5]. More recently, self-supervised and Transformer-based pipelines for
writer retrieval have been proposed, often coupled with VLAD-type aggregation
[27,28,30,36], and methods often include an additional reranking step [29, 35].

3 FormWR Dataset

Increasing scale and complexity is the central goal of FormWR: we aim to
move writer retrieval beyond the small, comparatively clean benchmarks where
progress has largely saturated, and into a regime where both the number of
pages and the nature of the documents meaningfully challenge current methods.
FormWR is built from hand-filled Applications for IRO Assistance. Beyond
scale, it targets three difficulty factors that are underrepresented in existing
benchmarks: (1) multi-hand contamination, where parts of a page may be written
by other individuals during the application or archival process (e.g., officers or
archivists adding notes, corrections, stamps, or signatures); (2) strong distractors
from the machine-printed template and tabular structure, which can dominate
sparse handwriting and mislead naive appearance-based matching; and (3) highly
variable handwriting density, ranging from only a few field entries (e.g., name,
date of birth) to longer free-text responses. In addition, the template itself is
not fixed: FormWR contains closely related template variants (languages and
revisions) that shift field locations and printed content, making the background
signal strong but non-stationary.

3.1 Source corpus and page normalization

FormWR is derived from hand-filled Applications for IRO Assistance in the
CM/1 corpus of the Arolsen Archives. We build on the subset and weak template-
cluster annotations reported by Wolf et al. [42], which provide the first page for
a large number of applications. We crawl the remaining pages belonging to each
application to construct a multi-page retrieval corpus. The raw scans include both
single-page and double-page captures; we split double-page scans vertically into
two single pages. The resulting raw pool contains =460k pages before curation.

3.2 Curation protocol

We apply a semi-automatic pipeline to remove pages that are ill-posed for
writer retrieval (e.g., attachments or pages without applicant handwriting), while
preserving variation in handwriting quantity and contamination.

(1) Size-based filtering. We discard pages with atypical dimensions. These are
often attachments (cards, photos, appendices) with little relevant handwriting.
Concretely, we retain pages near the dominant modes of the size distribution
(single- and double-page scans; Fig. 3) and remove outliers.
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Table 1: Dataset statistics for FormWR. Process identifiers serve as a proxy for
writer identity.

Statistic Train Val Test Total
Pages 88,291 6,928 291,891 | 387,110
Processes (writer proxies) 24,538 1,932 70,601 | 97,071
Mean pages / process 3.6  3.59 4.13 3.99
Template clusters (distinct) 9 2 26 37

(2) Handwriting coverage estimation. To identify pages with insufficient hand-
writing, we train a handwriting-segmentation model on synthetic form pages
following [18]. We sample representative template variants, construct handwriting-
free backgrounds, and paste handwriting snippets into form fields to generate
training data. A U-Net-style model estimates handwriting coverage per page;
we manually inspect low-coverage candidates and remove pages without at least
three handwritten words.

(8) Template-cluster inspection. Based on the weak template clusters from Wolf
et al. [42], we inspect clusters for systematic issues (e.g., variants whose final page
contains only case-worker signatures) and remove such pages while retaining the
remaining pages of the corresponding processes.

3.3 Proxy labels, noise model, and evaluation protocol

Obtaining verified writer identities at archive scale is infeasible. We therefore use
the process identifier (application identifier) as a proxy label: pages from the same
process are treated as belonging to the same writer, motivated by the fact that
the forms are primarily filled by the applicant. This choice intentionally admits
label noise. First, pages may include handwriting from additional contributors
(officers/archivists), and second, non-handwritten marks (stamps, marginalia)
can create spurious similarity. Consequently, FormWR evaluates robustness
under realistic uncertainty: methods must match applicant handwriting while
discounting strong but non-writer cues.

Evaluation uses a leave-one-out cross validation, where each sample with at
least one relevant match is used once as query. Considered metrics are Top-1
accuracy and mean average precision (mAP).

3.4 Splits and scale

Let D denote the curated page set and p(x) the process identifier of page x. We
provide a three-way partition

D = Dtrain U Dval U Dtesta
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Fig. 3: Size statistics used for curation. We visualize page dimensions as a 2D
histogram (log-counts). Two dominant modes correspond to single- and double-
page scans. We retain pages near these modes (red markers) and remove outliers
such as small attachments (e.g., signature cards).

constructed to prevent leakage and to separate model selection from final reporting.
All splits are process-disjoint and template-cluster disjoint, reducing the risk of
exploiting the printed layouts. We allocate a compact validation benchmark of ~7k
pages for hyperparameter search, ablations, and reference-method comparisons,
and reserve the large-scale test benchmark of ~290k pages for final reporting.
Table 1 summarizes the resulting statistics.

4 X-VLAD

We learn compact document embeddings end-to-end for large-scale writer retrieval.
In form archives, writer-discriminative signal (handwriting) is sparse and highly
variable, while non-writer content (printed structure, stamps, layout drift) can
dominate dense feature maps. X-VLAD addresses this by learning to select
informative local descriptors and pool them into a fixed-length embedding suitable
for nearest-neighbor search.

4.1 Preliminaries: VLAD-style set aggregation

Let F = {fi}™, denote local descriptors extracted from an image, f; € R?,
with variable cardinality M (e.g., M=H-W for a dense feature map). NetVLAD
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aggregates descriptors by soft-assigning each f; to one of K clusters and summing
residuals [1]:

NetVLAD Zam — ), ke{l,... K}, (1)

with learnable centroids ¢ € RP and soft assignments a;, (softmax over cluster
logits). GhostVLAD introduces additional “ghost” bins that absorb low-quality
descriptors and are discarded in the final embedding [45]. SuperVLAD removes
residuals and pools the assigned descriptors directly [10]:

M
vguperVLAD _ Zaik fiv k e {]_, .. ,K} (2)

4.2 X-VLAD aggregation

X-VLAD builds on the SuperVLAD principle, but shifts aggregation into N
parallel single-cluster heads operating in learnable d-dimensional subspaces. Each
head learns its own projection and head-specific reject modes, enabling multiple
complementary low-dimensional views without multi-centroid competition and
yielding a compact embedding of total dimension Nd.

For head n € {1,..., N} we learn a linear projection

ZM =pmy  p) g RIXD (3)

7

A lightweight selection module predicts logits over one keep mode (m=0) and g
bin modes (m=1,...,9):

n T (n
sgn)l = w,(n”) ZZ( ) + bfﬁ), m € {0,...,g}, w™ e RY, (4)

m

Aoy = . (5)

Only the keep-assignment al(-fz)) contributes to the head representation:

Z aly) 2 e R (6)

We apply per-head /5 intra-normalization, concatenate, and apply a final /5
normalization.
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Fig. 4: Selectiveness of X-VLAD. From left to right: input page; local feature
norms after the backbone; per-head keep vs. reject scores aggregated across heads;
final keep score aggregated across heads.

4.3 End-to-End Representation Learning

We train the backbone encoder and X-VLAD jointly end-to-end. Training follows a
two-stage protocol: (i) patch pretraining on handwriting-centered 32 x 32 patches
sampled using the handwriting detector described in Section 3.2 to increase
the signal-to-noise ratio, and (ii) full-page fine-tuning on complete pages to
improve robustness to distractors and to reduce error propagation from imperfect
handwriting detection. Optimization combines an ArcFace-style angular-margin
classification loss [9] with a batch-hard triplet loss using a soft margin [37]. At
inference time we use the normalized X-VLAD embedding directly for retrieval,
without additional post-processing.

5 Results on FormWR

5.1 Implementation details

As a backbone, we use an ImageNet [8]-pretrained ResNet-18 [14] and remove
the first two downsampling stages to retain high resolution activation maps
(total downsampling factor is 1/8). We first pretrain on handwriting-centered
32x32 patches for 100 epochs using AdamW [22] (weight decay 2 - 1072) with
a cosine schedule (peak LR 5 - 107, 25k warmup steps). Patch pretraining
uses batch size 128, where each batch element contains 64 patches. We apply
Dropout (p=0.3) after the feature extractor. Augmentations include ColorJit-
ter(brightness=contrast=saturation=0.3, hue=0.1) and, with probability 0.1 each,
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Fig. 5: Qualitative retrieval results. For each query (left), we show the top-5
retrieved pages and mark true matches. For the displayed queries, two relevant
matches exist. Zoom in for details.

horizontal/vertical flips and grayscale conversion. Patches are extracted offline;
augmentations are applied consistently per page (shared parameters across its
patches). We then fine-tune on full pages (resized to 1568 x 1120 pixels) for 4
epochs (batch size 8, LR 5 - 107°). Model selection and ablations are performed
on the FormWR validation split; final reporting and scaling are performed on
the FormWR test split.

5.2 Ablation study

We ablate key design choices on the FormWR validation split. Table 2 shows that
moving from a single head to N=4 yields the best patch-level mAP, while larger NV
degrades performance. Varying the number of discard modes g within each head
has only a minor effect. Finally, combining ArcFace [9] with batch-hard triplet
loss (soft margin) [15] is crucial: each loss alone underperforms substantially,
while the joint objective improves mAP by > 5%. We use the best-performing
configuration (N=4, g=2, ArcFace+Triplet) in subsequent experiments.

Table 3 compares X-VLAD to other aggregators: a mean-pooling baseline,
GhostVLAD [45], SuperVLAD [10] using the respective default configurations.
Two key insights emerge: First, while global pooling achieves competitive results
on the handwriting-centric patches and actually even outperforms GhostVLAD in
this regime, adding full-page fine-tuning flips the results. The learned aggregators
improve by around 11 mAP points, whereas mean-pooling totally collapses,
consistent with the strong dominance of printed template regions over handwriting.
Second, X-VLAD achieves the best performance while using a compact embedding:
dout=256 with N=4 heads and outperforms higher-dimensional alternatives,
suggesting that head-wise low-dimensional specialization is effective without
requiring large descriptor budgets.
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Table 2: Patch-level ablations on the FormWR validation split (7k pages), report-
ing mAP,atcn 1. (a) varies the number of heads at fixed per-head dimensionality
dheaa=64 (total dim Ndpeaq). (b) varies the number of discard modes. (c¢) com-
pares loss criteria.

(a) Heads (dneaa = 64) (b) Discard modes (c) Loss criterion
N mAPpaeen T g mAPpaeen T Method mAPpaten T
1 63.2 1 63.5 ArcFace 57.7
4 63.7 2 63.7 Triplet (batch-hard)  56.0
8 62.9 3 63.7 ArcFace + Triplet 63.7
4 63.6

32 62.3

Table 3: Aggregator comparison on the FormWR validation split. We report
mAP after patch pretraining and after full-page fine-tuning (FT). Apagchrr
denotes the absolute change in mAP.

Aggregator dout mAPpatch T mAPFT T ApatchﬁFT
AvgPool 512 61.0 3.4 —57.6
GhostVLAD}=} 4096 58.9 70.5 +11.6
SuperVLAD!=} 2048 62.8 74.7 +11.9
X-VLAD"=* (Ours) 256 63.7 75.4 +11.7

5.3 Baselines and unsupervised reference methods

Table 4 compares the final X-VLAD configuration to two unsupervised reference
methods on the FormWR validation split. As a handcrafted baseline we use
RootSIFT descriptors [2] with VLAD encoding [17]. As a learned unsupervised
baseline we use a self-supervised ViT feature extractor trained with AttMask [36)
and apply VLAD to its local features. For both references, we tune the number
of VLAD clusters on the training split and apply PCA whitening to dpca = 256.
To reduce confounding from printed structure, we restrict feature extraction to
handwriting regions (via our handwriting detector). Both unsupervised references
lag far behind the supervised model, reinforcing that FormWR’s combination
of sparse handwriting and strong distractors makes label supervision materially
beneficial at scale. As our method outperforms the reference methods by such a
large margin, we only provide results of our method on the test set.

5.4 Visualizations and qualitative results

Fig. 4 illustrates how selectiveness emerges in X-VLAD. Already at the backbone
level, the spatial distribution of feature norms correlates well with handwriting
regions, indicating that the encoder learns to respond strongly to ink even in the



12 T. Raven et al.

Table 4: Performance of our baseline method and two unsupervised reference
methods on FormWR validation, and baseline results of our method on FormWR
test.

Validation Test
Method Top-1 T mAP 1+  Top-1 T mAP 1
RootSIFT + VLAD [2,17) 711 6.7 - -
AttMask ViT 4+ VLAD [36] 351  30.2 —~ -
X-VLAD"= (Ours) 84.7 75.4 48.6  39.0

presence of a dominant printed template. The selection mechanism then sharpens
this separation: across heads, keep scores consistently suppress background and
machine print while focusing on handwriting, yielding a clean aggregated keep
map that highlights writer-discriminative evidence. Fig. 5 shows exemplary
retrieval outputs.

5.5 Scaling study

We evaluate the performance on the test split as a function of the gallery size. For
this, we evaluate performance at different subset sizes. We always either include
all pages for a writer proxy or none. Fig. 6 (a) shows that retrieval difficulty
increases steadily with gallery size, as expected when hard negatives accumulate
at scale. The largest changes occur when transitioning from small galleries to the
large-scale regime (e.g., mAP decreases from 70.5 at 8k pages to 49.6 at 80k pages).
Beyond that point, the curve flattens and performance degrades more gradually
(e.g., from 42.1 at 200k pages to 39.0 at 292k pages), suggesting a logarithmic
relationship between gallery size and retrieval performance. Fig. 6 (b) highlights
that test-query difficulty is highly heterogeneous, with many samples either
achieving near-perfect average precision (~30k) or near-zero (~=45k), indicating
a strong variation in difficulty.
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Fig. 6: FormWR test split analysis: (left) scaling of Top-1/mAP with gallery size,
(right) distribution of per-query retrieval difficulty via AP over test queries.

6 Results on HisFragIR20

We further evaluate on HisFragIR20 [38], a fragment-level benchmark with strong
degradation and limited context. The dataset consists of around 100k fragments
for training and a writer-disjoint test set of 20k fragments.

6.1 Implementation details

To sample handwriting-centered patches on fragments, we apply a simple edge-
based heuristic: Canny edge detection followed by morphological closing and a
final erosion step to suppress border responses while retaining ink strokes. For
hyperparameter search, we hold out 10% of the training writers as a validation
split; final models are trained on the full training set. We train for 70 epochs
with a cosine learning-rate schedule (4k warmup steps, peak LR 2-10~%, final LR
1-107%) and sample four fragments per writer in each batch. Due to the highly
variable fragment sizes, we omit full-page fine-tuning and evaluate at patch level
using up to 2k patches per fragment.

6.2 Comparison to prior work

Table 5 compares our approach to published results. Without re-ranking, our
method achieves 78.8% mAP and 97.9% Top-1 accuracy, improving over prior
work by +21.6% mAP (vs. 57.2% [30]) and +12.7% Top-1 (vs. 85.2% [25]). We
also report results with SGR reranking [29], which increases mAP by 5.4 points
at a small cost in Top-1 accuracy. Qualitative examples of remaining failure
cases are given in Fig. 7. In most cases, either the query or the falsely retrieved
fragment contains extremely little handwriting.
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Fig. 7: Failure examples on HisFragIR20. For each query (blue) we show the top-5
retrieved fragments and mark correct (green) vs. incorrect (red) writers. Most
errors occur when the query or retrieved fragments contain extremely sparse
handwriting.

Table 5: Comparison with prior methods on HisFragIR20. T Reference numbers
taken from [30].

Method mAP 1 Top-1 1
CL-S + ResNet56 + NetRVLAD*=1% [29]T 41.2  68.5
Feature Mixer [31] 44.0 819
ResNet34 + A-VLAD [25] 46.6  85.2
SAGHOG + NetRVLAD*=1 [30] 57.2  81.7
X-VLAD"=* (Ours) 78.8 97.9
SAGHOG + SGR [30] 68.7  88.7

X-VLAD"=* 4+ SGR!Z{:{s" (Ours) 84.2 97.5

7 Conclusion

We introduced FormWR, an archival-scale benchmark for writer retrieval, and X-
VLAD, a supervised end-to-end aggregator that learns to keep writer-discriminative
evidence and discard the printed structure dominating form pages. Two find-
ings stand out. First, scale reshapes the problem: as the gallery grows to the
full 290k-page test split, hard negatives accumulate and retrieval difficulty rises
steadily—an effect invisible on small, clean datasets, and a concrete explanation
for their apparent saturation. Second, supervision becomes decisive where the
setting is hard and data is plentiful: unsupervised references that lead on small
benchmarks fall well behind, while learned embeddings with selective aggregation
hold up under full-page fine-tuning, where naive pooling collapses. These results
caution against extrapolating from curated benchmarks and position selection—
learning what to ignore—as central to retrieval at scale. Our main cost is reliance
on labels; a natural next step is self-supervised pretraining on large unlabeled
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collections with light supervised adaptation, bringing writer retrieval closer to
the unlabeled reality of real archives.
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