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Abstract

The use of pictograms can improve linguistic comprehension and expression for individuals with complex
communication needs. Within this framework, the ImageCLEFtoPicto 2026 track seeks to advance translation
methods that automate the transformation of text or speech into pictogram sequences. The HULAT-UC3M
approach submitted to this task addresses the generation of pictogram-term sequences from English sentences. It
is based on a fine-tuned T5-base model. The submitted configuration was selected on the validation set and uses
a task prefix together with greedy decoding. On the official test set, the proposed approach obtained a WER of
0.3199, a BLEU score of 51.9991, and a METEOR score of 0.7102.
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1. Introduction

The ImageCLEFtoPicto 2026 task focuses on the automatic generation of sequences of pictographic
tokens from English sentences [1]. This task is part of the ImageCLEF 2026 evaluation campaign [2] and
provides a common setting for comparing systems that transform text into pictographic representations.

The motivation for this task comes from Augmentative and Alternative Communication (AAC),
where pictograms are used to support the comprehension and expression of messages in people with
communicative, linguistic or cognitive difficulties [3, 4]. In this context, the automatic generation of
pictographic sequences can help reduce the effort required to adapt textual content into more accessible
formats.

In contrast to conventional automatic translation, the generation of text into pictograms does not aim
to produce a fluent sentence in another natural language. The expected result is a controlled sequence
of pictographic concepts. This implies that the system must learn, from the training data, which parts
of the input sentence are relevant for pictographic representation, which elements can be ignored, and
how specific, infrequent expressions or proper names should be assigned to the available pictographic
tokens. Previous work on text-to-pictogram translation and semantic resources for pictograms has
addressed this problem using linguistic rules, lexical-semantic databases and links to resources such as
WordNet [5, 6, 7].

This paper describes the participation of the HULAT group at Carlos III University of Madrid in
the ImageCLEFtoPicto 2026 task. Our approach consisted of formulating the problem as a supervised
text-to-text generation task and fine-tuning encoder-decoder models from the T5 family [8]. During the
experiments, different training and decoding configurations were compared, including model variants,
random seeds, learning rates, effective batch size, the use of task prefixes and generation strategies.
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The best-submitted approach was based on a T5-Based model. The official run was selected based on
the performance achieved on the validation set, taking into account both automatic metrics and the
behaviour of different decoding configurations.

The rest of the paper is organised as follows. Section 2 reviews related work on AAC, pictographic
resources, and neural models applied to pictograms. Section 3 describes the dataset used in the task.
Section 4 presents the proposed methodology. Section 5 describes the evaluation metrics. Section 6
reports the validation results and discusses the main findings. Finally, Section 7 summarises the main
conclusions.

2. Related Work

Automatic translation of text into pictograms has been studied primarily in the context of Augmentative
and Alternative Communication (AAC). Initial approaches were based on linguistic rules and lexical-
semantic resources. A representative example is the Text-to-Pictograph system, initially developed for
Dutch, which converts text into sequences of pictograms using surface linguistic analysis and semantic
mapping [5]. This line of research was subsequently extended to other languages, including English
and Spanish, through interlinguistic links and semantic resources [6].

Another related line of research has focused on enriching pictographic resources with semantic
information. For example, the connection between ARASAAC and WordNet allows pictograms to
be associated with synsets, facilitating the disambiguation and automatic processing of pictographic
concepts [7]. These resources are relevant because text-to-pictogram generation does not consist only of
replacing words with symbols. In many cases, the system must select the most appropriate pictographic
concept based on the context.

Recent work has also begun using neural models for AAC-related pictogram tasks. PictoBERT and
PrAACT, for example, use Transformer-based models to predict pictograms on communication boards
and assist users while composing messages [9, 10]. These systems differ from ImageCLEFtoPicto in that
they focus on prediction within AAC interfaces rather than the complete generation of pictograms from
text. Nevertheless, they demonstrate that Transformer models can be useful for modelling pictographic
sequences.

Within the context of ImageCLEF, recent work has approached pictogram generation as a sequence-to-
sequence task. In particular, Hjuler and Fabre explored a Transformer-based approach for Text-to-Picto
and Speech-to-Picto translation in French using Google-T5 models trained on the task’s data [11]. Their
work shows that T5-based models constitute a solid approach for generating sequences of pictograms
from text. Our work follows this general formulation but focuses on the ImageCLEFtoPicto 2026 task
with English input and compares different T5-based configurations to select the final run to submit.

3. Dataset

The data used in the ImageCLEFtoPicto 2026 task comes from the Common Voice v15 corpus [12].
Common Voice is a multilingual corpus of transcribed speech, recorded by users and designed primarily
for the development of automatic speech recognition technologies. According to the official description
of ImageCLEFtoPicto 2026, the texts are sourced from various public domain sources and, in the context
of ToPicto, are associated with a sequence of terms linked to pictograms [1].

Although the original data source is speech-related, this work focuses only on the Text-to-Picto
setting. Therefore, the model input is a textual phrase in English, and the expected output is a sequence
of pictographic terms in English. Each term in the target sequence is linked to an ARASAAC pictogram
identifier [13, 14]. In this way, the problem can be formulated as a supervised text-to-text generation
task, where each input sentence is mapped to a sequence of pictographic terms.

The training set contains 59,278 phrase—pictogram pairs, whereas the validation set contains 4,397
examples. Both sets include the input phrase and the corresponding target sequence. The test set



Table 1
Example of an instance from the ImageCLEFtoPicto 2026 dataset.

Field Description Example
id Unique identifier of the instance common_voice_fr_32182614.mp3
src Source sentence in English the seat of the county is
watertown
tgt Target sequence of pictogram terms the seat of be city
pictos List of ARASAAC pictogram identifiers aligned [8476, 36505, 7074, 36480,
with the target sequence 2704]

contains 4,306 instances and provides only the identifier and the input phrase. For each test instance,
the system must generate a hypothesis with the predicted sequence of pictographic items.

The official submission format consists of a JSON file with one prediction per test instance. Each
prediction contains the phrase identifier and the system-generated hypothesis, stored in the id and hyp
fields. Prior to submission, it was verified that our file contained predictions for all 4,306 test instances,
with no empty hypotheses and the expected JSON structure.

4. Methodology

The ImageCLEFtoPicto 2026 task was treated as a supervised text-to-text generation problem. Each
training example consists of an English sentence and its corresponding sequence of pictogram terms.
The model is therefore trained to map the input sentence directly to the target pictogram sequence.

4.1. Text-to-text formulation

The task was addressed using encoder-decoder models from the T5 family [8]. This family of mod-
els allows different natural language processing tasks to be represented within a single text-to-text
framework, in which both the input and output are text sequences. In our case, the input is the English
phrase provided by the dataset, and the output is the expected sequence of pictographic terms.

Since T5 represents the input as a text sequence, the task instruction can be included directly before
the source sentence. Two input formats were evaluated. The first used the original English sentence
without modification. The second added the prefix translate English to pictograms: before
the source text. For example, the sentence the seat of the county is watertown was provided
either in its original form or as translate English to pictograms: the seat of the county
is watertown. The submitted system used the prefixed input format.

4.2. Training setup

Several configurations were trained during development, mainly using T5-base. The experiments varied
the random seed, learning rate, effective batch size, and the use of a task prefix. FLAN-T5-base was also
used as an initial exploratory model, but the main comparison focused on T5-base configurations, since
these runs were the most competitive and had comparable validation decoding results.

Table 2 summarises the main configurations considered during development. The table reports the
checkpoint selected according to validation loss during training. This checkpoint was not always the
final model submitted, as the final run was selected later based on validation-set generation metrics.

Training was configured for a maximum of 20 epochs. Early stopping was enabled during training,
and validation loss was monitored, following the usual strategy of stopping training when validation
performance no longer improves [15]. Models were evaluated and saved at the end of each epoch,
and the best model according to validation loss was loaded at the end of training. The early stopping
patience was set to 5, with a threshold of 10~% in the training setup. Since the monitored metric was
eval loss, lower values were considered better.



Table 2
Main model configurations evaluated on the validation set. The last column identifies the checkpoint
used in the reported validation comparison.

ID Model configuration Prefix Seed LR Eff. batch Evaluated checkpoint
C1  FLAN-T5-base yes 42 1074 32 epoch 8
C2 T5-base, seed 777, effective batch 16 yes 777 10~4 16 epoch 8
C3  T5-base, seed 123 yes 123 10~4 32 epoch 9
C4 T5-base, seed 123, effective batch 16 yes 123 10~ 16 epoch 6
C5 T5-base, no prefix no 42 1074 32 epoch 10
C6 T5-base, seed 777 yes 777 1074 32 epoch 8
C7 T5-base, lower learning rate yes 42 5-107° 32 epoch 16
C8 T5-base, seed 123, lower learning rate yes 123 5.107° 32 epoch 15
C9 T5-base, seed 2026 yes 2026 1074 32 epoch 7

However, the final submitted run was not selected based only on validation loss. After training, the
main candidate models and selected checkpoints were evaluated on the validation set using generation
metrics. This distinction is important because the checkpoint with the lowest validation loss does not
necessarily produce the best generated sequence, as measured by SacreBLEU, METEOR, or PictoER.

For the best submitted approach, the checkpoint with the lowest validation loss was reached at epoch
7. Nevertheless, the checkpoint at epoch 8 was selected for the official submission because it achieved
the best validation performance after generation and decoding. This model corresponded to the T5-base
model with seed 777, a learning rate of 107%, an effective batch size of 16, and a prefixed input.

4.3. Decoding and model selection

Once the models were trained, the main candidates were decoded on the validation set using different
generation settings. Greedy decoding and beam-search variants were tested. Beam sizes of 1, 2, 4, 6,
and 8 were considered, together with length penalties of 0.8, 1.0, and 1.2 for the beam-search variants.
The best submitted approach used greedy decoding.

The generated sequences were then evaluated against the validation references. The approach
submitted to the official test set was chosen from these validation experiments. It corresponded to the
epoch-8 checkpoint of the T5-base model trained with seed 777, an effective batch size of 16, a learning
rate of 10~%, and prefixed input. Greedy decoding was used for the final test generation.

4.4. Implementation and reproducibility

To support reproducibility, the source code, ARASAAC English lexicon, and submitted T5 check-
point are made available in a public repository.! The checkpoint is stored with Git LFS under
models/submitted_t5_base_checkpoint29640/. The official ImageCLEFtoPicto task data are
distributed by the competition organisers and are therefore not included in the repository; authorised
users should place train. json, valid. json, and test. json in a local data/ directory.

The English ARASAAC lexicon is used only in the post-generation output-normalisation step. It is
included as resources/arasaac_english. json and was obtained from https://api.arasaac.org/v1/
pictograms/all/en. This step normalises generated terms that are not present in the training/validation
pictogram-term vocabulary by using ARASAAC keyword-to-pictogram links and the pictogram-term
alignments observed in the training and validation data. Test references are not used.

Table 3 summarises the main implementation and reproducibility details of the submitted system.

'Source code, reproducibility instructions, ARASAAC English lexicon, and submitted checkpoint: https://github.com/
hulat-group/clef-2026-topicto-hulat-uc3m.
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Table 3
Main reproducibility details for the submitted system.

Parameter Value

Model t5-base

Selected checkpoint checkpoint29640

Training script src/train_submitted_t5_base.py
Inference script src/generate_official_submission.py
Seed 777

Learning rate 10~4

Optimiser AdamW

Maximum epochs 20

Effective batch size 16

Maximum source length 64 tokens
Maximum target length 32 tokens

Final decoding Greedy decoding

Python 3.10

PyTorch 2.5.1+cul21

Transformers 5.8.0

Datasets 4.8.5

GPU NVIDIA GeForce RTX 3060, 12 GB

5. Evaluation

The approaches were evaluated on the validation set by comparing the generated sequence of pictogram
terms with the reference target sequence. For each validation instance, the model produced one
hypothesis, which was compared with the corresponding tgt field.

The evaluation included the metrics from the ImageCLEFtoPicto task: SacreBLEU, METEOR, and
Picto-term Error Rate (PictoER). SacreBLEU is a standardised implementation of BLEU and measures n-
gram overlap between the generated hypothesis and the reference sequence [16, 17]. METEOR provides
a complementary score based on a more flexible alignment between hypothesis and reference [18].
PictoER is derived from Word Error Rate and measures token-level errors over pictogram terms, as
described in the task overview [1].

In the validation experiments, SacreBLEU and METEOR were computed directly over the generated
and reference pictogram-term sequences. PictoER was approximated by mapping each generated
pictogram term to the most frequent pictogram identifier observed for that term in the training and
validation data, and then computing the edit distance with respect to the reference pictogram identifier
sequence. This approximation was used only for internal validation, since the official evaluation was
performed by the task organisers.

Higher SacreBLEU and METEOR values indicate better performance, whereas lower PictoER values
indicate fewer pictogram-term errors. The final test submission followed the official format, with one
generated hypothesis per test instance using the fields id and hyp.

6. Results and Discussion

6.1. Validation results

Table 4 reports the validation results for the configurations described in Table 2. For each configuration,
the reported decoding strategy corresponds to the setting that obtained the highest SacreBLEU score in
its validation grid. METEOR and PictoER,pprox are included as complementary measures. As explained
in Section 5, PictoER; pr0x Was computed internally by mapping generated pictogram terms to pictogram
identifiers using the available training and validation alignments.

Configuration C2 obtained the best overall result on the validation set. This configuration corresponds



Table 4
Validation results for the configurations defined in Table 2. Higher SacreBLEU and METEOR are better; lower
PictoERapprox is better.

ID Decoding SacreBLEU METEOR PictoER,pox

C2 greedy 50.798 0.704 0.304
C3 greedy 50.180 0.697 0.310
C4 greedy 50.084 0.697 0.311
C5 greedy 49.909 0.698 0.310
Cé beam2 49.806 0.699 0.306
C7 greedy 49.302 0.694 0.312
C8 greedy 49.054 0.690 0.311
Co greedy 48.775 0.692 0.313
C1 beam?2 48.757 0.686 0.324

Table 5
Official test results for the submitted HULAT run in ImageCLEFtoPicto 2026.

Rank RunID WER BLEU METEOR
2 1070 0.3199  51.9991 0.7102

to T5-base with a prefixed input, seed 777, a learning rate of 107%, and an effective batch size of 16. It
achieved the highest SacreBLEU and METEOR scores and the lowest PictoER,ppr0x among the evaluated
systems. Although the checkpoint with the lowest validation loss in this training run was at epoch 7,
the checkpoint at epoch 8 produced the best validation generation result and was therefore used for the
final submission.

The comparison between C2 and C5 provides information about the use of the input prefix. C5,
which was trained without the instruction translate English to pictograms:, obtained a lower
SacreBLEU score than C2. Although the configurations also differ in seed and effective batch size, this
result supports retaining the prefixed formulation in the submitted approach.

The experiments also show that reducing the learning rate did not improve performance. Config-
urations C7 and C8, trained with 5 - 107, obtained lower SacreBLEU and METEOR scores than the
best configuration trained with 10~. Differences among runs trained with different random seeds
also indicate some variability in the fine-tuning process: C2 achieved the best result, while C9 had the
lowest SacreBLEU score among the reported T5-base configurations trained with a learning rate of
10~* and prefixed input.

Regarding the model family, FLAN-T5-base (C1) obtained lower validation scores than the best
T5-base configurations. This result led to a focus on the subsequent development of the T5 base.
Concerning decoding, greedy decoding was selected for the submitted model. Although beam-search
variants were evaluated, the best validation result for C2 was obtained with greedy decoding.

6.2. Official test results

The selected approach was submitted to the official ImageCLEFtoPicto 2026 evaluation. Table 5 reports
the scores provided by the organisers for the submitted HULAT run. In the official leaderboard, the
approach ranked second.

The official scores are consistent with the validation-based selection procedure: the configuration
chosen during development also obtained a competitive result on the unseen test set. The difference with
the top-ranked system was small, with the first-ranked run obtaining a WER of 0.3148, BLEU of 52.5473,
and METEOR of 0.7169. These results show that a fine-tuned T5-base model, together with validation-
based selection of training and decoding settings, provides a baseline for English text-to-pictogram
generation.



7. Conclusions

This paper describes HULAT-UC3M’s participation in the ImageCLEFtoPicto 2026 task. The task was
approached as a supervised text-to-text generation problem, using models from the T5 family to generate
sequences of pictogram terms from English sentences.

Several configurations were evaluated during development, varying the model, input format, random
seed, learning rate, effective batch size, and decoding strategy. The best validation result was obtained
with a T5-base model using prefixed input, seed 777, a learning rate of 107%, and an effective batch
size of 16. Although the lowest validation loss was achieved at epoch 7, the checkpoint from epoch 8
produced better generation results on the validation set and was used for the official submission. The
final predictions were generated using greedy decoding.

The submitted run ranked second in the official ImageCLEFtoPicto 2026 evaluation, with a WER of
0.3199, a BLEU score of 51.9991, and a METEOR score of 0.7102.

Further work will examine errors in the generated sequences, particularly omissions, unnecessary
terms, and named entities. Another aspect to explore is whether restricting generation to the pictogram-
term vocabulary improves the final output.
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